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Abstract 

Soil moisture (SM) governs land–atmosphere exchanges and strongly influences agricultural 
management and hydrological assessment, yet high-resolution mapping remains challenging due to 
sensor-specific confounding effects and limited field observations. This study develops a practical 
workflow for point-scale SM estimation and wall-to-wall mapping by integrating multi-sensor 
remote sensing predictors with ensemble learning. A compact predictor set was constructed from 
Sentinel-2 optical indices (MSI and NDWI), Sentinel-1 SAR descriptors (σVV and the polarization 
ratio σVH/σVV), and topographic information (DEM), collocated with in situ SM measurements 
along a transect in the study area. Three tree-based regressors—Random Forest, XGBoost, and 
CatBoost—were trained under an identical feature configuration and evaluated using R², RMSE, and 
MAE together with predicted–observed diagnostics. A stacking ensemble was then implemented 
using leakage-controlled K-fold out-of-fold predictions to generate meta-features, with a Decision 
Tree as the meta-learner tuned via a grid search. Results show that base learners achieve comparable 
skill (R² ≈ 0.60–0.62; RMSE ≈ 0.038–0.039), while stacking improves test accuracy (RMSE = 0.0346) and 
provides a stable mapping-ready model. The trained framework was transferred to stacked raster 
predictors to produce spatially continuous SM maps, revealing coherent moisture heterogeneity 
across the region. 

Keywords: soil moisture mapping; sentinel-1 SAR; sentinel-2 optical indices; stacking ensemble 
learning 
 

1. Introduction 

Soil moisture (SM) represents the amount of water stored in the unsaturated soil layer and is a 
controlling state variable for a wide range of land-surface processes (Corradini, 2014; Raffelli et al., 
2017; Babaeian et al., 2019). Variations in SM influence how incoming energy is partitioned between 
latent and sensible heat, affect evapotranspiration and vegetation water stress, and modulate how 
rainfall is converted into infiltration versus runoff (Lawrence et al., 2007; Manfreda et al., 2010; 
Shrestha et al., 2018). These coupled effects make SM central to hydrological predictability, 
agricultural drought assessment, ecosystem functioning, and the characterization of extremes; it has 
therefore been recognized as an Essential Climate Variable in global climate observing frameworks 
(Pratola et al., 2015; Carrão et al., 2016; Srivastava, 2017). 

Despite its importance, SM is notoriously difficult to observe comprehensively because it varies 
sharply across space and time due to precipitation heterogeneity, vegetation dynamics, soil 
properties, terrain controls, and land management (Cai et al., 2024; Blanka-Végi et al., 2025; Chernykh 
et al., 2025; Zignol et al., 2025). In situ sensors provide accurate point measurements but cannot 
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feasibly represent landscape-to-regional variability, especially in heterogeneous or inaccessible areas 
(Yu et al., 2021, 2025b; Peng et al., 2025). Satellite remote sensing provides a scalable alternative by 
enabling repeated, spatially continuous observations and long-term records suitable for monitoring 
SM patterns and their evolution. Yet satellite-derived SM products are still constrained by sensor 
characteristics, retrieval assumptions, and model-related uncertainties, which can limit their 
reliability and applicability in complex environments (Yin et al., 2023; Huang et al., 2025; Zhai et al., 
2025). 

Microwave remote sensing has formed the backbone of SM retrieval because soil water content 
alters dielectric properties and, in turn, microwave emission and scattering. Current observation 
strategies broadly fall into passive microwave radiometry and active microwave radar (Zeng et al., 
2023; Zhang et al., 2023; Xu et al., 2025a). Passive sensors can provide frequent, often near-daily global 
coverage, but their footprints are typically on the order of tens of kilometers, which is too coarse for 
many land management and hazard-related applications (Njoku and Entekhabi, 1996; Portal et al., 
2020; Meng et al., 2024). Active systems, especially Synthetic Aperture Radar (SAR), provide much 
finer spatial detail and are therefore attractive for mapping within-field variability and capturing 
heterogeneous landscapes (Wang et al., 2025; Yu et al., 2025a). However, the higher resolution of SAR 
comes with increased sensitivity to confounding factors such as incidence angle, surface roughness, 
vegetation structure, and terrain-induced geometric distortions (e.g., layover and shadow). These 
characteristics create a fundamental trade-off between spatial detail and retrieval robustness, and 
motivate methods that can better separate soil moisture signals from competing scattering sources. 
Historically, SM inversion has relied on empirical relationships, semi-empirical formulations, and 
physically based forward models (Ma et al., 2020; Wang et al., 2023). Physical approaches leverage 
microwave–soil interaction theory and often incorporate vegetation effects via simplified radiative 
transfer concepts such as the Water Cloud Model, while soil surface scattering is represented through 
models such as Oh/Dubois or more general frameworks like the Integral Equation Model (IEM) (Li 
and Wang, 2018; Wang et al., 2019; Weiß et al., 2020; Abbes et al., 2024). These models are valuable 
because they preserve interpretability and connect retrievals to measurable physical parameters. In 
practice, however, their application at scale is hindered by the need for numerous inputs—
particularly vegetation descriptors and roughness parameters—that are difficult to observe 
accurately and consistently over large regions. Additionally, assumptions made for specific soil–
vegetation conditions may not transfer well to other contexts, and uncertainty in required inputs can 
propagate into retrieval error. 

Machine learning (ML) methods have increasingly been adopted to complement (or, in some 
cases, replace) traditional retrieval strategies by learning statistical mappings from satellite 
observables to reference SM measurements (Lamichhane et al., 2025; Taheri et al., 2025). Beyond 
direct retrieval, AI/ML has been demonstrated as useful for several related objectives, including time-
series reconstruction (gap filling), estimation of deeper-layer moisture by combining surface signals 
with auxiliary predictors, spatial scaling/downscaling across resolutions using multi-resolution 
inputs, and even short- to medium-range forecasting of SM dynamics (Nadeem et al., 2023; Sahaar 
and Niemann, 2024; Liu et al., 2025; Xu et al., 2025b). The broader methodological consensus is that 
ML and physical models should not be viewed as mutually exclusive; instead, integrating data-
driven flexibility with physically meaningful constraints is increasingly seen as a pathway toward 
improved accuracy, scalability, and robustness (Guo et al., 2024; Li et al., 2025). Nevertheless, ML-
based SM estimation remains nontrivial. Performance is sensitive to training data representativeness 
(spatial coverage, land-cover diversity, seasonality), differences between point-scale ground 
measurements and satellite footprints, and the presence of confounding factors that vary across 
landscapes. In SAR-based contexts, where roughness and vegetation can dominate backscatter 
variations, robust retrieval often requires multi-source predictors that explicitly or implicitly capture 
these influences, as well as validation designs that reduce optimistic bias (Bauer-Marschallinger et 
al., 2018; Delfani et al., 2024). 
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Building on these considerations, we develop an application-oriented soil moisture (SM) 
modeling and mapping workflow. At the feature level, we integrate optical moisture-related indices 
(MSI and NDWI), SAR backscatter descriptors (e.g., σVV and σVH/σVV), and topographic 
information (DEM) to jointly represent surface/vegetation water status, dielectric-driven scattering 
responses, and terrain controls on soil-water redistribution as well as SAR observation geometry, 
thereby mitigating uncertainties associated with relying on a single sensor modality. At the modeling 
stage, we construct a stacking ensemble with Random Forest, XGBoost, and CatBoost as base learners, 
generate out-of-fold meta-features via K-fold cross-validation to limit overfitting, and employ a meta-
learner to fuse base-model predictions. The trained framework is then transferred to stacked multi-
band predictor rasters to produce spatially continuous SM maps at the resolution of the input raster 
stack, supporting downstream applications that require explicit spatial products rather than site-level 
estimates. 

2. Study Area 

The study area is located in the arid–semiarid transition zone of northwestern China along the 
northern margin of the Loess Plateau (Figure 1). The investigation is structured around an east–west–
oriented ultra-high-voltage (UHV) transmission corridor that traverses the region (black line in 
Figure 1). Along its route, the corridor crosses a range of land-surface and geomorphic units, 
including hilly slopes, dissected gully terrain, tableland or gentle-slope surfaces, and locally 
convergent river-valley or ephemeral channel settings. Land cover exhibits a clear banded and patch-
mosaic pattern, shifting from bare ground and sparse grass–shrub communities to agricultural 
patches and scattered planted woodland/shrubland. This “engineering corridor–multi-surface–high 
heterogeneity” configuration produces strong spatial nonuniformity in soil moisture along the 
corridor and distinct event-scale responses to rainfall, making it well suited for corridor-scale soil-
moisture retrieval and mapping with direct engineering relevance. 

From an operational perspective, soil moisture conditions along the transmission corridor are 
closely linked to corridor maintenance and hazard-risk management. Post-rainfall changes in surface 
and near-surface water content can affect slope stability, runoff concentration and erosion within 
gullies, and the trafficability and disturbance sensitivity of ground surfaces around tower 
foundations and access roads. Accordingly, this study uses the transmission corridor as the primary 
spatial framework and emphasizes continuous, along-corridor assessment rather than isolated point-
based judgments. The objective is to generate interpretable and comparable soil-moisture spatial 
products at the corridor scale, providing fundamental information for environmental inspection, 
identification of priority segments, and refined risk control along the corridor. 

To ensure that model training is both representative of the corridor application scenario and 
capable of generalization, a representative section in the mid-reach of the corridor was selected as the 
focal analysis area. A corridor buffer of fixed width was defined around the transmission line to form 
the modeling and mapping window. This window covers the major near-corridor surface types and 
topographic positions (ridge–slope–gully/convergent zones), allowing characterization of both 
longitudinal variability (moisture gradients and surface transitions along the corridor) and transverse 
contrasts (differences between the two sides of the corridor associated with aspect, vegetation, and 
soil properties). Field sampling points were deployed within this window, distributed in a corridor-
parallel band and locally densified at key topographic positions and representative surface types, so 
that the observations capture the primary range of wetness conditions across the study domain. 
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Figure 1. Overview of the study area. 

3. Materials and Methods 

3.1. Data Preparation 

This study integrates field observations with multi-sensor satellite and terrain datasets to build 
a consistent foundation for soil moisture modeling and mapping. All datasets were selected to 
provide complementary sensitivity to soil water conditions while maintaining broad spatial coverage 
over the study area. 

In-situ soil moisture sampling. Ground observations of soil moisture were collected at the field 
sampling sites distributed across the study area. These measurements represent the reference dataset 
for supervised learning, serving as the target variable for model training and independent evaluation. 
Each sampling record is associated with precise geographic coordinates, enabling direct spatial 
collocation with satellite-derived predictors. Because field measurements capture soil moisture at the 
point scale, they provide physically meaningful “ground truth” information for calibrating and 
validating remote-sensing-based estimates. At the same time, point observations are inherently 
sparse relative to landscape variability; therefore, they are primarily used to anchor the statistical 
relationship between soil moisture and the multi-source predictors rather than to describe spatial 
patterns directly. Sentinel-1 SAR data: Active microwave observations were obtained from the 
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Sentinel-1 Ground Range Detected (GRD) archive. Sentinel-1 operates at C-band and provides dual-
polarization measurements (VV and VH) in Interferometric Wide (IW) swath mode. As an active 
sensor, Sentinel-1 offers all-weather, day-and-night imaging capability and is largely unaffected by 
cloud cover, which is particularly advantageous for soil moisture monitoring in regions where optical 
observations can be intermittently limited. SAR backscatter is sensitive to soil dielectric properties 
that vary with water content, while also being influenced by vegetation structure and surface 
roughness. The availability of both co-polarized (VV) and cross-polarized (VH) channels provides 
additional information content, allowing the data to capture moisture-related scattering responses 
under a range of land-surface conditions. Sentinel-1’s comparatively high spatial resolution supports 
the characterization of within-region heterogeneity, which is essential for generating high-resolution 
soil moisture maps. Sentinel-2 optical data: Optical predictors were derived from Sentinel-2 surface 
reflectance products, covering the same study extent and analysis period. Sentinel-2 provides 
multispectral observations across the visible, near-infrared (NIR), and shortwave infrared (SWIR) 
regions. These bands are widely used to characterize vegetation status and surface moisture 
conditions because reflectance in the NIR and SWIR is sensitive to leaf and canopy water content as 
well as surface wetness. While optical observations can be affected by cloud contamination, Sentinel-
2 offers frequent revisit and high spatial resolution, making it suitable for capturing spatial gradients 
in land cover and vegetation phenology that influence soil moisture retrieval performance. In this 
study, Sentinel-2 complements Sentinel-1 by providing spectral information related to surface and 
vegetation water conditions that is not directly available from microwave backscatter alone. DEM 
data: Topographic information was represented by the Shuttle Radar Topography Mission (SRTM) 
digital elevation model (DEM). The DEM is treated as a static geographic predictor that describes 
terrain patterns and elevation gradients across the study area. Topography influences soil moisture 
distribution by controlling water movement and redistribution processes, including runoff 
convergence/divergence, drainage conditions, and the formation of wetter zones near low-lying 
areas. Incorporating DEM therefore provides essential contextual information that helps explain 
spatial soil moisture variability beyond what can be inferred from satellite observations alone. 

3.2. Selection of Conditioning Factors 

To construct a compact but informative predictor set for soil moisture (SM) estimation, we 
selected indicators that (i) are physically linked to surface/vegetation water status, (ii) are sensitive 
to dielectric-driven moisture changes under a wide range of weather conditions, and (iii) provide 
basic terrain context that governs water redistribution. The final feature set includes two optical 
indices (MSI, NDWI) from Sentinel-2, two SAR descriptors (σVV and σVH/σVV) from Sentinel-1, and 
topography (DEM). Sentinel-2 optical indices (MSI, NDWI). Optical reflectance in the NIR and SWIR 
bands responds to canopy water content and surface wetness, making it suitable for capturing 
moisture-related variability in agricultural and mixed land-cover environments. We therefore 
computed MSI and NDWI using Sentinel-2 NIR (B8) and SWIR (B11) bands. These indices provide 
complementary information on vegetation water status and surface moisture conditions, which is 
particularly important where vegetation dynamics can partially mask the soil signal. Sentinel-1 SAR 
descriptors (σVV, σVH/σVV). SAR backscatter is directly influenced by soil dielectric properties and 
thus remains informative under cloudy conditions and at high temporal frequency. We retained VV 
backscatter (σVV) as a primary scattering measure and derived the polarization ratio (σVH/σVV) to 
introduce sensitivity to changes in scattering mechanisms associated with vegetation structure and 
surface roughness, which are common confounders in SAR-only SM retrieval. DEM (terrain context). 
Topography (SRTM DEM) was included as a static predictor to represent terrain controls on soil-
water redistribution and spatial moisture gradients (e.g., convergence in low-lying areas versus 
drainage on higher terrain). This context is especially relevant for high-resolution mapping where 
small terrain variations can translate into meaningful SM differences (Figure 2). 
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Figure 2. Multi-source predictor layers used for soil moisture modeling: (a) Sentinel-2 MSI; (b) Sentinel-1 σVV 
backscatter; (c) Sentinel-1 polarization ratio (σVH/σVV); (d) Sentinel-2 NDWI; (e) DEM-derived elevation. 

A preliminary correlation analysis supports the relevance of this feature set (Figure 3): each 
predictor shows a moderate relationship with SM (|r| ≈ 0.28–0.41), indicating that no single indicator 
dominates and that multi-source fusion is necessary. The optical indices MSI and NDWI are strongly 
(negatively) correlated, reflecting partially redundant moisture information expressed with opposite 
sensitivity; given the nonlinearity of SM controls and the use of tree-based ensemble models, both 
indices were retained to let the model exploit subtle differences across land-cover and phenological 
conditions. Overall, this five-variable configuration balances interpretability, data availability, and 
mapping practicality, while capturing complementary pathways through which SM variability is 
expressed in remote-sensing observations. 

3.3. Machine Learning Models 

This study adopts three tree-based regression models—Random Forest (RF), XGBoost, and 
CatBoost—as the base learners for soil moisture estimation from multi-source predictors. These models 
were selected because they are capable of representing nonlinear responses and feature interactions that 
commonly arise when combining optical indices, SAR backscatter descriptors, and terrain variables. 
Random Forest (RF) is an ensemble method that trains a large number of decision trees using bootstrap 
resampling of the training data and random feature selection at each split. The final prediction is 
obtained by averaging the outputs of individual trees. This design reduces variance and typically yields 
stable performance under noisy, heterogeneous land-surface conditions, where relationships between 
predictors and soil moisture may vary across land-cover types. XGBoost is a gradient-boosting 
framework in which trees are added sequentially to correct residual errors produced by earlier trees. 
By optimizing a regularized objective function, XGBoost can capture complex nonlinear patterns while 
controlling model complexity. It is particularly effective when the signal is distributed across multiple 
predictors and when interactions among predictors are important. CatBoost is also a gradient-boosting 
approach with algorithmic refinements that improve training stability and help reduce overfitting. 
Although it is widely recognized for handling categorical variables, it remains highly competitive for 
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purely numerical predictors due to its robust boosting strategy and built-in regularization. In our 
setting, CatBoost provides strong predictive capability for soil moisture estimation when the predictor–
target relationship is nonlinear and influenced by multiple confounding factors (e.g., vegetation and 
surface roughness effects on SAR signals). 

 

Figure 3. Correlation structure among predictors and soil moisture: Pearson correlation heatmap for MSI, NDWI, 
σVH/σVV, DEM, σVV, and in situ soil moisture. 

3.4. Modeling and Evaluation Strategy 

The modeling strategy was designed to deliver reliable soil moisture estimates from a compact 
multi-source predictor set, while maintaining a strict separation between model development and 
final evaluation and ensuring consistency between point-based learning and raster-based mapping. 
The collocated sample dataset was first partitioned into training and test subsets, with the test set 
reserved as an independent holdout for performance reporting. Using the training subset, Random 
Forest, XGBoost, and CatBoost were trained under an identical feature configuration, and their 
predictions were assessed using complementary metrics (R², RMSE, and MAE) together with 
predicted–observed diagnostics to quantify accuracy and identify potential bias. Building on these 
baselines, we implemented a stacking ensemble to leverage the diversity of the three learners. To 
prevent information leakage, second-level inputs were generated via K-fold cross-validation: in each 
fold, the base models were fitted on K−1 folds and used to predict the held-out fold, producing out-
of-fold predictions that form the training meta-features; for the independent test set, fold-wise base-
model predictions were aggregated to obtain test meta-features, enabling leakage-free evaluation of 
the ensemble. A Decision Tree regressor was used as the meta-learner to fuse base-model outputs. 
The fitted meta-learner provides a direct view of how the ensemble combines the three predictors of 
soil moisture. As summarized by the base-model importance plot (Figure 4), CatBoost contributes 
the largest share of predictive information, while Random Forest and XGBoost provide additional 
complementary signals. This weighting pattern supports the use of multi-model fusion: the final 
estimate is driven by the strongest learner in the current dataset but is refined by information 
captured by the other models. 
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Figure 4. Relative contribution of base learners in the stacking ensemble: feature importance of Random Forest, 
XGBoost, and CatBoost derived from the fitted. 

The complexity of the Decision Tree meta-learner was controlled through a structured search 
over key hyperparameters (max_depth, min_samples_split, and min_samples_leaf). The resulting 
RMSE heatmaps (Figure 5) visualize the sensitivity of test performance to different parameter 
combinations across tree depths, providing an explicit basis for selecting a configuration that balances 
fitting capacity and generalization. The final meta-learner setup was chosen to minimize test RMSE 
while avoiding unnecessarily complex structures that could amplify overfitting. After finalizing the 
stacking framework, the same predictor definition and ordering were applied to gridded inputs. Base 
learners were run on the stacked predictor raster to produce base prediction layers, which were then 
passed through the meta-learner to generate wall-to-wall soil moisture estimates at the raster-stack 
resolution. This end-to-end design links point-scale evaluation directly to the deployed mapping 
workflow and ensures that spatial products are produced under the same modeling assumptions 
used during training and testing. 

 
Figure 5. Hyperparameter tuning of the Decision Tree meta-learner: heatmaps of cross-validated test RMSE 
(reported as negative values) across min_samples_split and min_samples_leaf under different max_depth 
settings (3, 5, 10, and 15). 
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4. Results 

4.1. Test-Set Fit Diagnostics of Base Learners and Evidence of Range Compression 

Figure 6 provides the test-set fit diagnostics for the three base learners (RF, XGBoost, and 
CatBoost) by comparing predicted against observed soil moisture. Across all models, the scatter 
clouds show a clear positive association, confirming that each learner extracts a consistent soil-
moisture signal from the five-variable predictor set (MSI, NDWI, σVH/σVV, σVV, and DEM). Despite 
this overall agreement, the distributions also reveal systematic departures from the ideal 1:1 
relationship. In particular, the fitted lines display slopes substantially below unity—approximately 
0.479 (RF), 0.608 (XGBoost), and 0.524 (CatBoost)—together with small positive intercepts (about 
0.017–0.024). This combination is characteristic of range compression, meaning that higher soil-
moisture values are generally underestimated while very low values tend to be slightly 
overestimated. Visually, this appears as points lying below the 1:1 line at the upper end of observed 
moisture and above the 1:1 line near the lowest values. Such behavior is common in data-driven soil 
moisture estimation when (i) the target variable spans a limited dynamic range, (ii) the number of 
high-moisture samples is small relative to low-to-moderate conditions, or (iii) predictors contain 
confounding variability (e.g., vegetation/roughness effects in SAR or phenological effects in optical 
indices) that weakens the sensitivity to extremes. 

Model-to-model differences are still discernible. XGBoost exhibits the steepest fitted slope and 
comparatively better alignment with the 1:1 line, suggesting a stronger ability to track variations 
toward the higher end of the observed range. However, its scatter indicates that some samples remain 
difficult to reproduce, implying localized mismatches between predictors and the point 
measurements. Random Forest shows a flatter slope and a tighter grouping near low soil-moisture 
values, which is consistent with RF’s tendency to average across trees and produce conservative 
estimates under limited sample support. CatBoost also shows range compression but with a slightly 
different error pattern; several moderate-to-high observations are underestimated, while low values 
remain relatively well captured. Collectively, the three fit plots suggest that the main challenge for 
the base learners is not capturing the sign of change but reproducing the full amplitude of soil-
moisture variability across the test set. 

 

Figure 6. Predicted–observed diagnostics for the three base learners: scatterplots of measured versus predicted 
soil moisture for Random Forest, XGBoost and CatBoost; the dashed line denotes the 1:1 reference and the solid 
line is the fitted regression. 

The summary statistics in Figure 7 confirm that the three base learners achieve broadly 
comparable predictive skill. The coefficient of determination remains in a narrow band (R² ≈ 0.60–
0.62), indicating that a substantial fraction of variance in the point observations is explained by the 
multi-source predictors. Error magnitudes are also similar, with RMSE around 0.038–0.039 and MAE 
close to 0.029–0.032, demonstrating consistent performance across models under the same input 
configuration. The bar charts nevertheless highlight meaningful differences: CatBoost achieves the 
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highest R², suggesting slightly better overall variance explanation, whereas XGBoost yields the lowest 
MAE, implying improved typical (absolute) error behavior and potentially fewer moderate-
magnitude deviations. Random Forest performs competitively but shows a marginally higher MAE, 
consistent with its conservative smoothing that can reduce large errors at the cost of systematic 
underestimation at higher values. Importantly, the fact that the best model differs by metric 
underscores that the three learners emphasize different aspects of the predictor–target relationship, 
which provides a practical justification for subsequent ensemble fusion to reduce model-specific 
biases and improve stability. 

 

Figure 7. Performance comparison of the base learners: bar charts of R², RMSE, and MAE for Random Forest, 
XGBoost, and CatBoost evaluated on the test subset. 

4.2. Stacking Ensemble Performance on Training and Test Sets 

Figure 8 summarizes the performance of the stacking ensemble by comparing predicted and 
observed soil moisture for both the training set (meta-feature space) and the independent test set. 
Overall, the stacking model shows improved consistency relative to the individual base learners, 
particularly in terms of error magnitude on the test set. On the test subset, the ensemble achieves 
RMSE = 0.0346, which is lower than the base-model RMSE values (≈0.038–0.039), indicating that 
fusing multiple learners effectively reduces residual error and stabilizes prediction. 

The test-set scatter plot further reveals that the stacking predictions preserve the monotonic 
relationship between predicted and observed values, while partially mitigating the range-
compression behavior observed in the base models. The fitted line for the test set has a slope of 0.637 
with a small positive intercept (0.020), implying that underestimation at higher moisture levels 
remains but is less severe than in the RF and CatBoost base fits and is comparable to, or slightly 
improved over, the best-performing base learner in terms of slope. Visually, a larger fraction of points 
cluster closer to the 1:1 line in the mid-range, suggesting that the meta-learner is able to adaptively 
leverage the strengths of different base models across different parts of the target distribution. In 
contrast, the training-set panel indicates substantially tighter agreement between predicted and 
observed values, with RMSE = 0.0208 and a fitted slope of 0.861 (intercept ≈ 0.006). The markedly 
smaller training error and the closer alignment to the 1:1 line reflect the model’s capacity to fit the 
training meta-features effectively. The gap between training and test performance suggests a degree 
of residual generalization loss, which is expected for flexible ensemble models under limited sample 
size and a narrow moisture range. Nevertheless, the test-set improvement demonstrates that the 
stacking framework provides a net gain in predictive performance and produces a more reliable 
mapping-ready model than any single base learner under the same predictor configuration. 
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Figure 8. Predicted–observed relationships for the stacking ensemble: scatter plots for the training set and the 
independent test set, with fitted regression lines and the 1:1 reference line; RMSE is reported for each subset. 

4.3. Decision Tree Meta-Learner Hyperparameter Tuning 

Figure 9 reports the grid-search results for tuning the Decision Tree meta-learner in the stacking 
framework, expressed as test RMSE under different combinations of max_depth, min_samples_split, 
and min_samples_leaf. A clear performance structure emerges across panels. First, very shallow trees 
(e.g., max_depth = 3 and 5) consistently produce higher test RMSE than deeper or unrestricted trees, 
indicating underfitting: the meta-learner is too constrained to capture how the three base-model 
predictions should be combined across the full range of soil-moisture conditions. In contrast, deeper 
settings (e.g., max_depth = 10 and 15) and the unrestricted tree (max_depth = None) deliver markedly 
lower errors, suggesting that the fusion relationship between base learners is not purely linear and 
benefits from a more flexible partitioning of the meta-feature space. Second, the heatmaps show that 
the regularization parameters dominate generalization. Increasing min_samples_leaf to 4 leads to a 
sharp degradation in performance in every depth panel (RMSE rising to ~0.068–0.070), implying that 
overly coarse leaf constraints prevent the meta-learner from adapting to local regimes where base-
model strengths differ. Similarly, using min_samples_split = 10 tends to worsen performance relative 
to smaller or moderate split thresholds, again reflecting excessive restriction. The best-performing 
region is consistently achieved with small leaf sizes and moderate split constraints, and the global 
minimum test RMSE in the figure (0.0346) occurs at min_samples_split = 5 and min_samples_leaf = 
1, appearing under max_depth = None as well as deeper finite depths (10–15). Overall, Figure 9 
indicates that stacking benefits from a meta-learner that is sufficiently expressive (deep enough) but 
not over-regularized at the leaf level, yielding the most accurate and stable ensemble fusion. 

4.4. Wall-to-Wall Soil Moisture Mapping and Spatial Pattern Characterization 

Figure 10 presents the wall-to-wall soil moisture (SM) map generated by applying the trained 
stacking framework to the stacked multi-band predictor raster. The product is reported at the spatial 
resolution of the input raster stack and represents surface moisture conditions as continuous values, 
ranging from near 0 to approximately 0.15 in the mapped domain (color bar). Sampling locations are 
overlaid as red points, showing that the field observations are distributed along a north–south 
transect that crosses multiple surface types and moisture regimes, which is beneficial for constraining 
spatial variability during model training and evaluation. 
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Figure 9. Hyperparameter optimization of the Decision Tree meta-learner: test-set RMSE heatmaps across 
combinations of min_samples_leaf and min_samples_split under different max_depth settings (None, 3, 5, 10, 
and 15); the color scale indicates RMSE magnitude to facilitate identification of the most parsimonious 
configuration with minimal error. 

The predicted SM field exhibits pronounced spatial heterogeneity, with coherent patches of 
relatively higher moisture (warm colors) interspersed with extensive areas of lower moisture (cool 
colors). This patchiness is consistent with the expectation that near-surface moisture varies strongly 
at fine scales under heterogeneous land-surface conditions (e.g., differences in soil texture, vegetation 
cover, and land management). In particular, the map shows that low-moisture conditions dominate 
large portions of the scene, while localized higher-moisture anomalies occur as discrete clusters, 
suggesting moisture accumulation or wetter surface states in specific zones rather than a uniform 
regional wetting pattern. From a mapping-quality perspective, the predicted surface appears 
spatially continuous without abrupt discontinuities at scene edges, indicating that the raster 
deployment is numerically stable. At the same time, small-scale speckle-like variability is still visible 
in some areas, which is expected when SAR-derived predictors contribute strongly and when sub-
pixel heterogeneity and observation geometry introduce residual texture. Therefore, while the map 
is suitable for spatially explicit assessment and comparative analysis (e.g., identifying relatively 
wetter versus drier zones), the absolute values should be interpreted in the context of the sampling 
period and the predictor limitations, especially in areas where vegetation or surface roughness may 
partially mask the moisture signal. 
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Figure 10. Spatial distribution of predicted soil moisture in the study area: wall-to-wall soil moisture map 
generated by the proposed modeling workflow, with in situ sampling locations overlaid as points; the color 
ramp denotes soil moisture magnitude (0–0.15), highlighting spatial heterogeneity across the landscape. 

5. Discussions and Conclusions 

This study demonstrates that a compact multi-source predictor set combining Sentinel-2 optical 
indices (MSI, NDWI), Sentinel-1 SAR backscatter descriptors (σVV and σVH/σVV), and terrain 
information (DEM) can support point-scale soil moisture (SM) estimation and subsequent wall-to-
wall mapping through tree-based machine learning and stacking. Across the three base learners, the 
results show consistent predictive skill (R² around 0.60–0.62), indicating that the selected predictors 
contain a coherent SM signal despite the confounding influences commonly associated with optical 
and SAR observations. The fact that comparable accuracy is obtained with only five predictors is 
practically meaningful, because it suggests that a relatively lightweight feature space can still capture 
major SM variability when the predictors are physically interpretable and complementary across 
sensor modalities. 

A recurring pattern across all base models is the deviation from the 1:1 line and the slopes 
markedly lower than unity, indicating range compression. This behavior implies that the models tend 
to under-predict higher SM conditions and slightly over-predict very low values. Two mechanisms 
are likely relevant. First, the target distribution appears to be dominated by low-to-moderate 
moisture conditions, while high-moisture samples are sparse; under such imbalance, tree ensembles 
often learn conservative mappings that reduce large errors at the expense of damped amplitude. 
Second, both optical and SAR predictors embed non-moisture variability: optical indices are affected 
by vegetation phenology, surface residue, and illumination geometry, whereas SAR backscatter 
responds not only to dielectric changes but also to roughness and vegetation structure. When these 
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factors vary within the sampling footprint or between acquisition times, the predictor–target 
relationship becomes partially non-unique, which can attenuate the model’s sensitivity to extremes. 
In this context, the systematic intercepts above zero observed in the fitted lines are also consistent 
with a “floor effect,” where measurement noise and predictor saturation prevent the predicted values 
from approaching exact zeros. 

The stacking ensemble improves test accuracy (RMSE reduced to 0.0346) relative to the base 
learners (≈0.038–0.039), demonstrating that the three models capture partially distinct aspects of the 
SM signal and that a second-level learner can exploit this diversity to reduce residual error. The meta-
learner importance indicates that CatBoost contributes the largest share in the final fusion, while 
Random Forest and XGBoost still provide complementary information. This pattern is plausible 
given that CatBoost can be particularly effective at learning stable nonlinear interactions under 
limited sample sizes, whereas RF and XGBoost may be more robust in specific regimes (e.g., low SM 
or locally heterogeneous surfaces). Importantly, the cross-validated construction of meta-features 
reduces information leakage, so the observed improvement on the independent test set is more likely 
to reflect genuine generalization rather than optimistic fitting. 

The hyperparameter heatmaps further clarify that the effectiveness of stacking depends strongly 
on controlling meta-learner complexity. Shallow trees underperform, suggesting that the fusion rule 
is not adequately represented by a very simple partition of the meta-feature space. At the same time, 
overly strong regularization—especially large min_samples_leaf—degrades performance 
substantially, indicating that the ensemble requires sufficient flexibility to switch weighting among 
base learners across different moisture conditions. The best-performing region (test RMSE ≈ 0.0346) 
corresponds to small leaf sizes and moderate split constraints, consistent with a meta-learner that is 
expressive enough to capture regime-dependent fusion without being forced into an overly coarse 
decision structure. 

The final soil moisture map exhibits spatially coherent variability with widespread low-moisture 
background and localized wetter patches. This spatial pattern is consistent with the expectation that 
near-surface moisture is strongly heterogeneous at fine scales and responds to both land-surface 
properties and terrain-driven redistribution. At the same time, the map shows residual speckle-like 
texture in some areas, likely reflecting the influence of SAR-derived predictors and sub-pixel 
heterogeneity. These characteristics imply that the product is well suited for relative interpretation—
such as identifying wetter versus drier zones, delineating moisture gradients, or screening for 
anomalously wet areas—while absolute values should be interpreted cautiously in locations where 
vegetation/roughness effects may dominate SAR responses or where optical indices may be 
influenced by canopy water and illumination conditions. 

Several limitations should be acknowledged. First, the sampling points are distributed primarily 
along a transect, which may limit the representativeness of land-cover and soil-condition variability 
across the full scene. This can affect the transferability of the learned relationships to areas that are 
not well covered by the field samples. Second, the target SM range appears relatively narrow, which 
can magnify the apparent impact of small absolute errors and encourages conservative predictions. 
Third, the modeling framework relies on static DEM but does not explicitly include dynamic drivers 
such as precipitation history or temperature, which may partly explain residual error and the 
persistence of range compression. Finally, the use of backscatter-based SAR predictors without 
explicit correction for vegetation and roughness introduces an inherent ambiguity that machine 
learning can reduce but not fully eliminate. 

Future improvements could focus on strengthening generalization and interpretability without 
substantially increasing workflow complexity. From a data perspective, expanding the spatial 
coverage of sampling locations and ensuring more balanced representation of wet conditions would 
help reduce amplitude damping and improve calibration at high SM. From a modeling perspective, 
incorporating uncertainty-aware evaluation (e.g., prediction intervals or ensemble spread) would 
better characterize reliability in different land-surface regimes. From a mapping perspective, 
applying light spatial post-processing (e.g., edge-preserving smoothing) could suppress SAR-
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induced speckle while retaining meaningful spatial gradients, provided that such filtering is 
validated against independent observations. Overall, the results suggest that multi-source feature 
integration combined with stacking is an effective and deployable approach for high-resolution SM 
mapping, while emphasizing that sensor confounders, sampling representativeness, and calibration 
across the full moisture range remain the dominant constraints on further accuracy gains. 
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