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Highlights

What are the main findings?

e  Machine learning algorithms, especially boosting methods, estimated soil moisture in
agro-pastoral areas with moderate accuracy.

e  Vertically polarized Sentinel-1 backscattering coefficients are the most sensitive pre-
dictors, while optical remote sensing data and topographic factors also contribute
substantially to soil moisture inversion.

What are the implications of the main findings?

e  The proposed framework offers an effective, simplified approach for soil moisture
inversion over heterogeneous and complex surfaces, where conventional methods
often fail.

e By leveraging freely available Sentinel imagery and machine learning, the proposed
method enables practical and efficient soil moisture monitoring across large spatial
scales, thereby supporting agricultural and ecological management.

Abstract

Soil moisture is a critical regulator in Earth’s energy cycle, exerting substantial influence
on hydrological, ecological, and thermal processes. However, the spatio-temporal hetero-
geneity of soil moisture poses significant challenges for remote-sensing inversion, and
conventional methods are constrained under complex surface conditions. In this study;,
Sentinel-1 and Sentinel-2 imagery were integrated with terrain data, and machine learning
algorithms were employed to develop a soil moisture estimation model for the agro-
pastoral transition zone. The primary objectives were to evaluate the accuracy of machine
learning approaches for remote-sensing estimation of soil moisture under complex surface
conditions, and to assess the suitability of different machine learning algorithms for this
application. The results showed that ensemble methods, specifically boosting approaches,
delivered low inversion errors and high R? values, whereas linear models showed limited
accuracy. The vertically polarized microwave backscattering coefficients emerged as the
parameters most sensitive to soil moisture variations, with optical bands and topographic
factors also making substantial contributions. The overall inversion yielded a root mean
square error (RMSE) of 0.066 cm3.cm 3. This study provides an effective approach for soil
moisture inversion on complex surfaces, simplifies the modeling process, and offers a tool
for soil moisture monitoring across large spatial scales.
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1. Introduction

Soil moisture plays a crucial role in governing hydrological, ecological, and thermal
processes [1,2]. It directly affects biological productivity, soil erosion, and land surface
energy-water exchanges. Over the past several decades, a global trend of soil moisture
divergence has emerged, characterized by an increasing disparity in both temporal and
spatial dimensions [3]. Climate change has resulted in two significant phenomena: an
intensification of aridity in dryland areas and an elevated risk of waterlogging in humid
regions. Seasonal drought conditions are deteriorating, as evidenced by more prominent
warm-season moisture deficits and stronger interannual fluctuations [4,5]. In addition,
the “soil memory” effect generates important atmospheric feedback loops. In the arid
regions of Asia, spring droughts frequently exacerbate subsequent summer heatwaves,
posing long-term challenges to food security, water resource management, and ecosystem
stability [6-8].

Currently, monitoring or estimating soil moisture across spatial scales remains a signif-
icant challenge. Global or regional monitoring networks can provide continuous and highly
precise measurements; however, their effectiveness is constrained by the significant spatial
heterogeneity of soil texture [9,10]. This heterogeneity hinders the accurate acquisition
of area-average soil moisture observations. Microwave remote sensing satellites have
the potential for large-scale soil moisture estimation. Among microwave remote sensing
techniques, synthetic aperture radar (SAR) outperforms passive microwave sensors [11,12].
Nevertheless, the accuracy of SAR-based soil moisture retrieval remains susceptible to
factors including surface vegetation coverage, surface roughness, soil texture, and topo-
graphic conditions, all of which can introduce distortions in the retrieved soil moisture data.
Optical remote sensing can partially characterize auxiliary surface properties, including
vegetation and soil texture, but its integration with SAR data often leads to overly complex
fusion models and may degrade overall retrieval performance [13,14].

The agro-pastoral transition zone has considerable spatial heterogeneity in surface
roughness, vegetation composition, and soil texture, which hinders soil moisture retrieval
using SAR [15]. To date, numerous SAR-based retrieval models have been developed. These
models incorporate a variety of surface parameters, including root mean square height,
correlation length, vegetation height, canopy water content, soil texture, and organic matter,
to build functional relationships between backscattering coefficients and soil moisture.
These models enable high-precision soil moisture estimation at relatively fine spatial scales.
However, these models rely on a large number of hard-to-obtain surface parameters, which
inevitably reduces the efficiency of the retrieval process [16]. In recent years, change-
detection algorithms based on SAR backscattering coefficients have emerged as an active
research area in soil moisture retrieval. This approach leverages the temporal variation
in SAR backscattering coefficients to detect changes in soil moisture, which can partially
mitigate the influence of multi-scale surface roughness and systematic bias in microwave
remote sensing systems, thereby simplifying the parameterization of the inversion model.
As a result, it has become an effective method for soil moisture retrieval under relatively
complex surface conditions [17-19].

Machine learning algorithms demonstrate the capability to effectively extract diverse
remote sensing features. This enables them to overcome the inherent limitations of con-
ventional models, including inadequate predictive performance and restricted generaliz-
ability [20-22]. Consequently, they have emerged as a valuable approach for quantitative
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remote sensing inversion. In recent years, numerous researchers have studied how to use
machine learning algorithms combined with remote sensing data to estimate soil mois-
ture. Reference [23] utilized Long Short-Term Memory (LSTM) networks in combination
with Random Forests (RF) to estimate the soil moisture content in agricultural regions of
northern Ghana, achieving favorable results. Reference [24] thoroughly evaluated the per-
formance of several machine learning models, specifically RF, eXtreme Gradient Boosting
(XGBoost), Support Vector Regression (SVR), Gaussian Process Regression (GPR), Partial
Least Squares (PLS), and Multiple Linear Regression (MLR), for soil moisture retrieval
from remote sensing data. The results demonstrated that RF and XGBoost achieved the
best performance among all models. Collectively, these studies underscore the potential
of machine learning algorithms in soil moisture inversion. Reference [25] compared three
algorithms: RF, Support Vector Machine (SVM), and Artificial Neural Network (ANN). The
results showed that the RF model trained with the IM12 combination outperformed SVM
and ANN in retrieving soil moisture information. Reference [26] used Sentinel-1 synthetic
aperture radar (SAR) data in combination with climate and terrain data to construct a large-
scale (Europe) surface soil moisture (SM) estimation model via the RF algorithm. After
comparing the RF model’s predictions with in situ measurements from the International
Soil Moisture Network (ISMN) and other data sources, the model achieved a Pearson corre-
lation coefficient (R) of 0.847, which indicates significantly higher accuracy than the official
SMAP/Sentinel-1 products at 1-km and 3-km spatial resolutions. Reference [27] proposed
a knowledge-guided deep learning method, which integrates the physical principles of
the Water Cloud Model (WCM) into a Long Short-Term Memory (LSTM) network and
uses Sentinel-1 SAR data to estimate field-scale soil moisture. The results indicate that
this method reduces the uncertainty of SM inversion by 0.02 m3/m?3. The aforementioned
studies demonstrate that applying machine learning algorithms to remote sensing-based
soil moisture estimation can significantly improve estimation accuracy. However, current
research still has several limitations. First, most existing studies focus on areas with a
single land cover type, such as farmland or bare land, while there is relatively little research
on soil moisture in regions with diverse land cover types, such as an agro-pastoral area.
Differences in land cover types can cause significant changes in the physical and chemical
properties of soil, which may in turn reduce the efficiency and accuracy of soil moisture
estimation. Second, there is a lack of systematic cross-comparison between different ma-
chine learning algorithms, meaning the optimal algorithm for this task has not yet been
clearly determined.

To evaluate and compare the applicability of different machine learning algorithms
for remote sensing-based soil moisture inversion in the agro-pastoral transition zone, this
study selected the Shandian River Basin in China as the study area and integrated Sentinel-1
imagery, Sentinel-2 imagery, and auxiliary topographic data including digital elevation
models, slope, and aspect. We then applied machine learning algorithms to construct
models for estimating soil moisture content in the agro-pastoral transition zone. The
performance of these models was evaluated against in situ measurements to assess their
suitability under complex surface conditions. Additionally, the contribution of individual
input features to model predictions was analyzed to clarify the influence of various surface
factors on estimation performance. Overall, this study aimed to provide an effective
methodology for soil moisture inversion over heterogeneous surfaces and to offer insights
for large-scale and fine-resolution mapping.
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2. Materials and Methods
2.1. Study Area

The study area is located in the Shandian River sub-basin of the Luan River Basin,
spanning longitudes 115.6°E to 116.4°E and latitudes 41.7°N to 42.4°N (Figure 1). Specifi-
cally, a total of 34 soil moisture monitoring stations affiliated with the International Soil
Moisture Network (ISMN) [28] are distributed across the Shandian Basin region, covering
both cropland and grassland ecosystems. These stations perform hourly measurements of
volumetric soil moisture at depths ranging from 0.03 m to 0.5 m.

116°0'0"E 116°20'0"E
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Figure 1. Geographical Location of the study area. The land cover map of the study area is derived
from the ESA WorldCover 10 m 2020 v100 product.

Considering the substantial topographic relief in this mountainous region and aiming
to minimize backscattering coefficient variations caused by changes in the SAR incidence
angle, we selected Sentinel-1 scenes acquired along the same relative orbit that completely
cover the study area. Sentinel-1 IW GRD and Sentinel-2 L2A images from September
2018 to December 2019, which covered all four seasons, were acquired to ensure the
reliability of soil moisture inversion under various surface conditions. Data preprocessing
was performed using the Sentinel Application Platform (SNAP, version10.0.0, ESA). The
processing sequence for Sentinel-1 data included the following: (1) application of the
orbit file; (2) removal of thermal noise; (3) radiometric calibration and terrain flattening;
(4) filtering of speckle noise; and (5) range-Doppler terrain correction. To alleviate residual
speckle noise effects, the images were resampled to a coarser spatial resolution of 100 m
x 100 m. Since Sentinel-2 images were already provided as Level-2A products, they were
only resampled to match the spatial resolution of the Sentinel-1 images.

2.2. Auxiliary Data Preprocessing

Enhancing the efficiency of soil moisture retrieval from SAR data necessitates the
generation of auxiliary datasets, specifically including (1) elevation; (2) local incidence
angle (LIA); (3) slope; and (4) aspect.

All auxiliary data were derived from the Shuttle Radar Topography Mission (SRTM)
1-s DEM or calculated from it, and were resampled to match the spatial resolution of the
Sentinel-1 and Sentinel-2 imageries.
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2.3. Change Detection Algorithm

Since SAR backscattering coefficients are governed by surface roughness, slope, aspect,
dielectric constant, soil texture, and organic matter content, most of which remain essen-
tially invariant over extended periods at a given location, differencing of images acquired
along identical orbital paths on different dates effectively cancels out these long-term fac-
tors. Given that the soil is frozen in winter and demonstrates relatively low backscattering
coefficients, the Sentinel-1 image acquired on 9 January 2019 was chosen as the reference
image, and all other images were subtracted from it to produce the change series.

o 0
Ayyy = Tyv — Tow )
MYy = Ton — Mn

Here, 'yﬁl/v, ’y%,H are the backscattering coefficients for the i-th period. y%v, y?/H are the
backscattering coefficients of the reference image on 9 January 2019. A7y, Ay, are the
changes in the backscattering coefficients for the i-th period.

In light of the substantial spatial heterogeneity in soil types, terrain conditions, and
land-use patterns throughout the study area, it is possible that identical differences in
backscattering coefficients may correspond to varying magnitudes of soil moisture change.
To address this ambiguity, we utilized the vertical polarization backscattering coefficients,
the cross-polarization backscattering coefficients, and Sentinel-2 imagery to characterize the
aforementioned surface properties, which subsequently facilitated the accurate inversion
of soil moisture from backscattering coefficients. Nevertheless, we avoided applying
differential processing to slope, aspect, incidence angle, or Sentinel-2 data. This is because
these variables are expected to remain relatively stable during the study period, and their
incorporation into the differencing scheme would impose an unnecessary computational
burden without enhancing the retrieval performance.

2.4. In Situ Data

The soil moisture network in the Shandian River was established within the framework
of the Soil Moisture Experiment in the Shandian River Basin of China, which was conducted
from 18 July to 28 September 2018 [29]. This network covers an area of approximately
10,000 km?, spanning the geographical coordinates of 115.5°E-116.5°F and 41.5°N—42.5°N.
The 34 stations are arranged across three distinct spatial sampling scales: 100 km (large-
scale), 50 km (medium-scale), and 10 km (small-scale). Each station is equipped with
Decagon 5TM soil moisture sensors, which are installed at five specific measurement
depths: 3 cm, 5 cm, 10 cm, 20 cm, and 50 cm. Additionally, among the 34 stations, 20 are
equipped with HOBO tipping bucket rain gauges. This deployment is intended to facilitate
land surface modeling and the validation of multiple satellite products, including those
from SMAP, SMOS, and AMSR2, alongside downscaled soil moisture datasets. The terrain
within the network area is relatively flat, and the land cover is predominantly composed of
grassland and cropland.

2.5. Machine Learning Algorithms

When constructing and optimizing the machine learning model, we used PyCaret
(version 3.3.2), an open-source low-code machine learning framework developed in Python
(version 3.11.7). Its core function is to automate key workflow stages of machine learning,
enabling researchers to quickly and efficiently build and deploy end-to-end projects with
minimal coding. This library supports more than 25 regression algorithms, including
Adaptive Boosting (AdaBoost), Light Gradient Boosting Machine (LGBM), Decision Tree
(DT), RF, and XGBoost.
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2.6. Training and Validation Datasets

In the process of model training and testing, in situ measurements from all 34 ground
stations were utilized. Both Sentinel-1 data and field-observed soil moisture data were
acquired on 11 September, 23 September, 5 October, 17 October, 29 October, 10 November,
22 November, 4 December, and 28 December 2018, as well as 9 January, 22 March, 3 April, 9
May, 21 May, 2 June, 13 August, 18 September, 24 October, 17 November, and 11 December
2019. The feature set contained 16 variables, including A'Y(\)/Vi' A'Y(\)/Hi' the LIA of Sentinel-
1, and elevation, slope, and aspect. Sentinel-2 reflectance data from all bands except
Bands 1, 9, and 10 were acquired on 5 September, 5 October, 29 October, 10 November, 24
November, 29 November 2018, as well as 8 January, 24 March, 3 April, 13 May, 23 May,
21 August, 25 September, 30 October, 19 November, 24 November 2019. We filtered out
samples where Sentinel-2 images were contaminated by clouds or ground stations failed to
obtain valid measurements. We then matched the closest available Sentinel-2 images with
Sentinel-1 data to ensure all samples included both valid soil moisture measurements and
complete image features. The samples from September 2018 to May 2019 of the 23-station
dataset were used for training and 3-fold cross-validation. The processed dataset ultimately
yielded 240 training samples. The training sample set was randomly split into three non-
overlapping subsets (folds), each containing 80 samples. In each iteration, two of the three
folds were used to train the model, and the remaining fold was reserved for validation.
After the optimal model was identified via 3-fold cross-validation, all 240 samples were
used for the final training and optimization of the model.

To evaluate the model’s performance under various seasonal conditions, the trained
model was applied to eight dates in 2019: 2 June, 13 August, 25 August, 18 September, 30
September, 24 October, 17 November, and 11 December. The retrieval results were tested
using the 11 independent ground stations that were never used during model training,
yielding a total of 88 samples.

Figure 2 presents the overall workflow of this study.

Machine Learning
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Figure 2. Workflow of the soil moisture retrieval.
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2.7. Model Evaluation Criteria

The assessment of model performance was conducted through the utilization of three
metrics: the mean absolute error (MAE), the root mean square error (RMSE), and R?. The
conceptual definition of the MAE metric is presented as follows:

—y4
MAE = Llyi—yil @)
n
Here, n represents the total number of samples, y; represents the i-th inverted value, and y/
represents the i-th real value.
RMSE can be expressed as follows:

)2
RMSE = Z(ylnyl) 3)
R? can be expressed as follows:
_)?
RZZI_Z(yZ yz) (4)

(i —7)°

Here, i represents the mean of the true values.

3. Results
3.1. Machine Learning Model Selection Results

The machine learning methods presented in Table 1 can be systematically classified
into four principal categories: linear models and their derivatives, bagging-based ensemble
methods, boosting-based ensemble methods, and others. The complete performance
comparison of all tested models is provided in Table S1 of the Supplementary Materials.
Linear models, such as linear regression, ridge regression, and lasso regression, determine
target values through the identification of a linear combination of input features. Bagging-
based ensemble methods, such as RF and Extra Trees Regressor (ETR), train multiple base
learners and integrate their outputs. These approaches aim to reduce variance, thereby
improving the model’s stability and generalization performance. In contrast, boosting-
based ensemble methods, such as LGBM, CatBoost, and AdaBoost, train weak learners
sequentially. Each subsequent model attempts to correct the errors of its predecessor, thus
reducing bias and enhancing the overall predictive capability. The remaining model types
include decision tree (DT) and kernel methods.

Model performance comparisons show that the boosting ensemble methods achieved
the lowest inversion error: their RMSEs were lower than those of other tested regression
models, and their R? values were significantly higher.

Performance assessment of the models showed that boosting methods achieved rela-
tively low inversion errors and high R? values, while linear models showed significantly
lower accuracy. Specifically, boosting methods achieved almost identical average per-
formance (MAE = 0.034 cm3.cm 3, RMSE = 0.042 cm®.cm 3, R? = 0.623), whereas linear
models performed substantially worse (MAE = 0.049 cm3.cm~3, RMSE = 0.065 cm3.cm 3,
R? =0.033). Other model types, such as decision trees, also exhibited inversion performance
similar to that of linear models.
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Table 1. Performance metrics of machine learning models for soil moisture retrieval.

Model (cmlgchn]f— 3 (cnlgf ISnE_3) R?2 Algorithm Type
Light Gradient Boosting Machine 0.032 0.041 0.646 Ensemble Methods—Boosting
HistGradient Boosting Regressor 0.033 0.042 0.638 Ensemble Methods—Boosting
XGB Regressor 0.033 0.042 0.637 Ensemble Methods—Boosting
Gradient Boosting Regressor 0.033 0.042 0.627 Ensemble Methods—Boosting
AdaBoost Regressor 0.035 0.043 0.608 Ensemble Methods—Boosting
CatBoost Regressor 0.036 0.045 0.583 Ensemble Methods—Boosting
Bagging Regressor 0.035 0.045 0.580 Ensemble Methods—Bagging
Linear Regression 0.038 0.050 0.480 Linear Methods
Huber Regressor 0.039 0.051 0.455 Linear Methods
ARD Regression 0.040 0.051 0.453 Linear Methods
Quantile Regressor 0.039 0.052 0.435 Linear Methods
Random Forest Regressor 0.042 0.052 0.434 Ensemble Methods—Bagging
Bayesian Ridge Regressor 0.042 0.053 0.405 Linear Methods
Decision Tree Regressor 0.041 0.055 0.383 Decision Tree Methods
K Neighbors Regressor 0.043 0.055 0.367 Instance-Based Learning
SVR Regressor 0.049 0.058 0.297 Kernel Methods
Ridge Regressor 0.052 0.062 0177 Linear Methods
Gaussian Process Regressor 0.050 0.063 0.184 Gaussian Processes
Extra Trees Regressor 0.052 0.063 0.177 Ensemble Methods—Bagging
Kernel Ridge Regressor 0.053 0.067 0.066 Kernel Methods
Tweedie Regressor 0.054 0.067 0.057 Linear Methods
Orthogonal Matching Pursuit 0.055 0.068 0.041 Linear Methods

3.2. Cross-Validation Results

The optimal model identified through comparative evaluation, specifically the LGBM,
was designated as the soil moisture inversion model. Its performance was validated
using 3-fold cross-validation, with results presented in Figure 3. For all three validation
subsets, the RMSE remained below 0.05 cm3.cm ™3, while the R? exceeded 0.60 for each fold.
These findings indicated that the model exhibited favorable estimation performance. The
error distribution histogram demonstrated that the residuals of the retrieved soil moisture
primarily fell within the range of —0.15 to 0.20 cm3.cm™3, exhibiting an approximately
normal distribution. This suggests that the principal factors contributing to the inversion
errors are largely free from systematic bias.

3.3. Feature Importance Analysis

Figure 4 illustrates the feature importance analysis, which is divided into two subplots.
Figure 4a presents the overall distribution of SHAP values, revealing that Ayl is the
most significant feature for detecting changes in soil moisture content. Other relatively
important features include AyiVH, Sentinel-2 bands B4, B6, and B12, as well as the slope
derived from the DEM. The density scatter plot in Figure 4b further elucidates the SHAP
distribution characteristics of each feature. The findings indicated that Ayl and Ayl
exerted a positive influence on soil moisture increments, suggesting a directly proportional
relationship between these variables and the rise in soil moisture. The band values of B4
and B6 demonstrated sensitivity to soil texture and crop growth. Specifically, an increase
in the B4 band value generally corresponded to a decrease in soil moisture. The B12 band
value, which corresponds to the short-wave infrared, showed a clear negative correlation
with soil moisture content. Topographic variables, namely slope and aspect, were also
negatively correlated with soil moisture increments, implying that increases in soil moisture
in mountainous areas are comparatively lower than those in plains.
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Figure 4. SHAP distribution of overall features. (a) SHAP Value Ranking; (b) SHAP summary plot.

3.4. Overall Inversion Error

Retrieval of soil moisture content was conducted for the validation set within the study
area, with the results illustrated in Figure 5. The retrieval process yielded a mean absolute
error (MAE) of 0.054 cm?.cm ™3, a root mean square error (RMSE) of 0.066 cm®.em—3, and
an R? of 0.528. Figure 6 illustrates the error distribution for validation points categorized
by different soil types. The study area demonstrates considerable diversity in soil types
and notable spatial heterogeneity. Soil type represents a fundamental factor contributing
to variations in soil texture and organic matter content. These validation points were not
employed in the model training process, thus providing an unbiased assessment of the

https://doi.org/10.3390/1s18203578


https://doi.org/10.3390/rs18203578

Remote Sens. 2026, 18, 3578

10 of 18

model’s generalization capability. The resulting RMSE and MAE values were comparable
to those obtained from the cross-validation results, indicating that the model maintained a
similar level of predictive accuracy for both training data and unseen data.
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Figure 5. Comparison between machine learning and survey-based soil moisture.
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Figure 6. Map of the soil type and soil moisture retrieval errors. The soil texture map of the study
area is derived from the HWSD version 2.1.

Figure 6 illustrates the spatial distribution of soil types within the study area. Kas-
tanozems constitute the dominant soil group, encompassing the calcaric, haplic, and luvic
subgroups. Furthermore, along the floodplains of the Shandian River, the deposition of
fluvial sediments has resulted in the formation of Phaeozems, Chernozems, and Arenosols.
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Phaeozems and Chernozems generally exhibit higher organic matter content and bulk
density, and consequently, they possess a greater water-holding capacity. In contrast, Kas-
tanozems and Arenosols demonstrate moderate water-holding capacity. As indicated by
the distribution of test set errors in Figure 6, the MAE values do not show any obvious
clustering. This indicates that when combined with optical data, SAR data can still deliver
reliable soil moisture retrieval results across different soil types.

3.5. Inversion Accuracy in Different Seasons

Figure 7 illustrates the annual variation in the normalized difference vegetation index
(NDVI) for four representative sampling sites. Site M5 is located within a cultivated
area, whereas the remaining three sites are located in grassland regions. For all four sites,
the NDVI values attain their maximum levels between August and September, with the
values fluctuating between approximately 0.5 and 0.8, followed by a reduction to near zero
between February and March. Throughout the entire study period, the variations in ground
surface temperature generally exhibited trends parallel to the NDVI patterns, indicating a
positive correlation between vegetation growth and temperature variations. Furthermore,
within the study area, the soil annually enters a frozen condition in early November and
transitions to a thawed state in early April of the subsequent year, remaining frozen during
the intervening months.

. e —
—MS5 L12 L3 120 %)
——S6 —— Soil temperature 16 :';

12 &
8 =
4 g
0 £
—4 2
—~8 =
. - . . S-12 &
-09-01 2018-12-01 2019-03-01 2019-06-01 2019-09-01 2019-12-01

Date

Figure 7. Trends of average soil temperature and typical sample point NDVI in the study area over
the entire study period.

Figure 8 depicts the time series of retrieved soil moisture for four representative
sampling sites. The retrieved values demonstrated a high level of consistency with in
situ measurements during the winter and autumn seasons. The consistency becomes less
pronounced during summer. During summer and early autumn, vegetation growth was
observed at all four sites, with NDVI reaching its peak in autumn and exceeding 0.6. This
suggests that the presence of surface vegetation, especially grass, might introduce a certain
amount of error into the retrieval process. Although microwaves are generally considered
capable of penetrating low-lying vegetation, our findings indicate that the influence of
vegetation is non-negligible. In the study area, the surface soil remains frozen from mid-
October to mid-April of the following year. This frozen period significantly affects the
SAR backscattering coefficients; however, because the retrieval targets the unfrozen water
fraction, this effect is explicitly represented in the model. The inversion results show that the
retrieved unfrozen water content agrees closely with in situ measurements, demonstrating
the effectiveness of the proposed retrieval of unfrozen water during winter.
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Figure 8. Soil moisture inversion results and SHAP value changes throughout the entire study period.
(a) M5. (b) L12. (c) L3. (d) S6.

Figure 8 additionally illustrates the SHAP values of four essential features—A+y!,,
Sentinel-2 band B4, Ay}, and slope—in relation to soil moisture content. Among these
features, the SHAP value trends of A7}, demonstrate consistency across the four sampling
sites. Moreover, A7}, exhibits the most substantial variation with soil moisture, and a
positive correlation is observed between its SHAP values and moisture changes. Conversely,
the positive trend of Ay}, is less pronounced. Under low moisture conditions or during
winter, its SHAP values are negative, and as the moisture level increases to a high state,
these values rise to slightly above zero. This phenomenon indicates that both A7}, and
A+l increase as soil moisture rises, yet the increase of Ayl is greater than that of Ayl,.

The slope parameter, which remains temporally invariant at each sampling site, ex-
hibits values of 5.81, 3.54, 2.82, and 1.31 at sites M5, L12, L3, and S6, respectively. This
indicates that site M5 is located on steeper terrain and site 56 is on gentler terrain. A
comparison of slope SHAP values across the four sites revealed that S6, characterized
by gentler slopes, demonstrated higher SHAP contributions than M5. L12 and L3 have
medium slopes, with their slope SHAP values higher than those of M5 but lower than
those of S6. Consistent with the findings in Figure 4, the slope made a positive contribution
to increases in soil moisture when the gradient is small, whereas a negative contribution
became evident for steeper slopes. Throughout the entire observation period, the SHAP
values for the slope remained relatively stable. Nevertheless, during periods of high soil
moisture, a significant decreasing trend in slope SHAP values was observed for M5, while
S6 showed a marked increasing trend. This pattern suggests that soils with shallower
gradients possess stronger water-holding capacity.

The B4 SHAP values at each sampling site exhibit relatively smooth temporal vari-
ations, generally oscillating around zero. During periods of elevated soil moisture, the
SHAP values typically demonstrate an upward trend, which indicates that the B4 band
reflectance responds to soil moisture fluctuations. As illustrated in Figure 4, an inverse
correlation exists between the B4 band reflectance and soil moisture. The SHAP values of
the B4 band at sampling site S6 exceed those at other sites, suggesting that the soil moisture
content at S6 is higher, a finding confirmed by in situ measurements. In addition, during
the peak NDVI period, the SHAP value of B4 is noticeably higher, which indicates that B4
responds to vegetation. This peak period also coincides with the time when soil moisture
reaches its highest level in the study area.
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4. Discussion

This study aimed to explore the viability of integrating machine learning algorithms
with microwave and optical remote sensing data for the estimation of soil moisture in
agro-pastoral transitional zones. The performance of four types of machine learning
approaches, namely linear models, bagging ensembles, boosting ensembles, and other
methods, represented by decision trees, was compared within the framework of soil
moisture estimation. The findings indicated that boosting methods have better inversion
effects, while linear methods generally performed worse. Moreover, feature importance
and SHAP values were examined to clarify the contributions of individual features to soil
moisture estimation. The analysis revealed that A’y"'/v, B4, slope, and A7§/H were the four
most significant features; among them, A7}, demonstrated significantly greater sensitivity
to soil moisture than the rest.

Evaluation of the bagging algorithm showed that, except for specific inversion meth-
ods such as bagging regression whose inversion accuracy is comparable to that of boosting
algorithms, the inversion accuracy of other bagging-based algorithms is lower than that of
boosting algorithms. The bagging algorithm operates through the generation of multiple
training subsets via bootstrap sampling. This approach demonstrates high robustness
against noise and outliers, yielding reliable results under conditions of limited sample sizes
or heterogeneous data quality. In contrast, boosting algorithms sequentially integrate mul-
tiple weak learners in the context of nonlinear problems, such as estimating soil moisture
from remote sensing data. This approach presents notable advantages.

Previous studies on the SAR inversion of soil moisture have demonstrated that the
vertical polarization channel displays the highest sensitivity to variations in soil moisture.
Cross-polarization also reacts to these changes; however, it is more prone to interference
from surface vegetation and roughness [30-32]. The feature importance analysis conducted
in this study validated these findings: the vertically polarized backscattering coefficients
exhibit a significant positive correlation with soil moisture, and the cross-polarization
coefficients also show a positive correlation, albeit a weaker one. This phenomenon can be
ascribed to the increase in the soil dielectric constant as the moisture content rises, which
strengthens the microwave reflectivity and, in turn, boosts the backscattering power.

Assessment of slope impact on soil moisture dynamics represents a significant aspect
in understanding hydrological processes. The most consistent finding in recent research
indicates that soil moisture content typically exhibits a decreasing trend with increasing
slope gradient [33-35]. On gentle slopes, the prolonged retention of precipitation facilitates
infiltration, consequently resulting in elevated soil moisture levels. Conversely, on steep
slopes, accelerated surface runoff occurs, which constrains infiltration capacity and ulti-
mately leads to lower soil moisture levels. Our research also confirmed this conclusion,
and we found that, compared with slope, aspect has a limited impact on soil moisture.

In the current study, a negative correlation was observed between the Sentinel-2 B4
band and soil moisture. This is mainly because chlorophyll strongly absorbs red light
during the summer growing season, which reduces the reflectance in this band. This
finding is consistent with numerous previous reports [36-39].

A multitude of studies have shown that soil moisture is influenced by diverse soil
physicochemical properties, including texture, vegetation cover, and bulk density [40—44].
In the present study, optical remote sensing bands were employed as Supplementary Data
to characterize these soil physical and chemical attributes. Additionally, terrain factors,
specifically slope, aspect, and elevation, were incorporated into the model to enhance
simulation accuracy. The study area is characterized by a complex mixture of soil types
and substantial grass cover during the summer season. The inversion results indicated
an overall R? of 0.528 and an RMSE of 0.066 cm®.cm~3. This accuracy is comparable to
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that reported in previous studies over similar regions, suggesting that machine learning
algorithms are suitable for this type of research. Although our study covered soil freeze—
thaw cycles and the crop growing season, the sample size was limited, which remains a
limitation. Future work will include more in situ data and SAR data from multiple orbits
to further improve the robustness of the model.

Several assumptions underlying our approach should be acknowledged. Our method,
which used a frozen winter image as a reference, assumes that soil roughness remains
constant over the study period. This assumption may be violated in tilled croplands, where
tillage operations and rainfall can alter surface roughness significantly. Previous studies
have reported that while tillage can cause abrupt roughness changes, the subsequent tem-
poral evolution of roughness under natural rainfall tends to stabilize relatively quickly [45].
Moreover, machine learning algorithms can learn to account for roughness effects through
training, and VH polarization is sensitive to and can characterize surface roughness varia-
tions [46,47]. In our study, the validation accuracy (RMSE = 0.066 cm3.cm~?) is consistent
with the expected retrieval performance. Furthermore, a visual inspection of the retrieved
soil moisture time series does not show systematic anomalies that could be attributed to
tillage events. This suggests that the residual roughness effect is secondary to the soil
moisture signal for our study area and period.

Regarding frozen periods, the retrieved variable represents the unfrozen (liquid)
water content in frozen soil, rather than total soil water. Unfrozen water coexists with ice
and strongly influences the soil dielectric properties, so microwave observations remain
sensitive to this liquid fraction [48]. Previous studies have successfully retrieved unfrozen
water content from satellite observations during frozen periods, with accuracy meeting
mission requirements [49]. Therefore, the frozen-period values reported here are physically
meaningful and valid for cold-region hydrological analysis.

5. Conclusions

The remote sensing inversion of soil moisture constitutes a complex systemic issue
regulated by multiple interrelated parameters. These parameters include not only inherent
soil properties but also terrain characteristics and vegetation structure. Conventional
approaches for soil moisture retrieval have predominantly focused on the construction of
simple linear or nonlinear models. Such models generally exhibit satisfactory performance
in regions with homogeneous soil or relatively uniform surface conditions. However, their
adaptability is constrained in areas with heterogeneous surface features. To address this
challenge, the present study proposed the utilization of machine learning methods for soil
moisture inversion, explicitly considering diverse factors such as soil type, topography, and
vegetation cover. Furthermore, we undertook a systematic evaluation of the adaptability of
various machine learning algorithms within this context.

This study indicated that boosting algorithms achieved the highest level of accuracy,
demonstrating their potential for soil moisture inversion in complex terrain conditions. In
contrast, linear methods exhibited poor performance and are inadequate for soil moisture
retrieval in heterogeneous environments. The vertical polarization backscattering coeffi-
cients of SAR were identified as the most sensitive parameters to soil moisture variations.
Nevertheless, optical remote sensing (e.g., bands B4, B6, and B12) and terrain factors,
including slope, also contribute significantly to retrieval accuracy. Integration of optical
and microwave imagery with terrain data enhances retrieval performance, as optical bands
provide insights into soil texture characterizing large-scale soil moisture dynamics.

The combination of microwave and optical remote sensing data for soil moisture
inversion typically resulted in relatively low retrieval accuracy during summer months.
This limitation could be attributed to the presence of vegetation cover on the soil surface.
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Although the vegetation types within the study area exhibit a degree of uniformity, fur-
ther investigation was required to develop soil moisture models capable of functioning
across diverse phenological phases and varying degrees of vegetation coverage. Moreover,
despite the considerable diversity of soil types within the study area, the organic matter
content is generally characterized by low levels. Consequently, the performance of machine
learning algorithms in regions with elevated organic matter content necessitates additional
validation.

Overall, this study demonstrated the potential of machine learning algorithms in
estimating soil moisture over complex surfaces. Through the application of machine
learning approaches, the requirement for comprehensive parameterization of soil and
vegetation properties can be circumvented, thereby simplifying the modeling process and
enhancing its flexibility. This provides a practical tool for soil moisture monitoring at large
spatial scales.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/rs18203578 /s1. Table S1: Complete comparison of all tested
machine learning models.
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