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Abstract

Soil moisture plays a vital role in the water-energy cycle, climate dynamics, and agricultural practices. Conventional
approaches for estimating surface soil moisture (SSM) with single-frequency Synthetic Aperture Radar (SAR) often face
challenges in accuracy and adaptability due to differences in sensor properties. This study proposes a novel cross-fre-
quency calibration framework for SSM retrieval using non-coincident multi-frequency SAR data, specifically leveraging
SAOCOM (L-band) and RADARSAT Constellation Mission (RCM) (C-band) datasets. A domain adaptation approach is
employed to transfer knowledge from SAOCOM to RCM, enabling robust SSM estimation without requiring coincident
acquisitions. Ensemble Learning Regression (ELR) and Gaussian Process Regression (GPR) models were developed and
optimized using Bayesian hyperparameter tuning and k-fold cross-validation. The adapted models achieved RMSE of
0.039 m*/m?® (ELR) and 0.047 m*/m?* (GPR), with corresponding coefficients of determination R*=0.81 and R*=0.72,
respectively. Minimal bias (0.001) and strong agreement between predicted and observed values were confirmed through
Bland-Altman and Q-Q plots. This framework enhances the scalability and generalizability of SSM retrieval, offering
practical applications in drought monitoring, flood prediction, and irrigation management. The study highlights the effec-

tiveness of machine learning and domain adaptation techniques in advancing large-scale soil moisture mapping.
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1 Introduction

Soil moisture (SM) is a vital component of ecosystems,
significantly influencing the Earth’s surface processes, the
water-energy cycle, and atmospheric interactions [1-4]. It
plays a critical role in agriculture, affecting crop growth,
irrigation planning, and early detection of drought and flood
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conditions [5]. Traditional point-based measurement meth-
ods, such as time-domain reflectometry (TDR), provide
high accuracy but are limited in spatial and temporal cov-
erage due to factors such as climate variability, vegetation
cover, and soil heterogeneity [6].

Remote sensing, both airborne and spaceborne, enables
large-scale monitoring of SM by offering high-resolution
data across broad spatial extents [7]. Optical and micro-
wave remote sensing are commonly used, with the former
sensitive to surface reflectance and the latter providing
advantages in penetrating soil and vegetation [8, 9]. While
both techniques offer valuable insights, microwave-based
methods, particularly Synthetic Aperture Radar (SAR), are
often preferred due to their all-weather capability and sen-
sitivity to soil dielectric properties [10]. SAR systems oper-
ate across different frequency bands (X-, C-, and L-band),
each with distinct scattering characteristics and penetration
depths. For instance, the C-band (0—5 cm penetration) is
widely used for surface soil moisture (SSM) estimation due
to sensor availability [11-13].
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Previous studies have employed various polarimetric
SAR configurations to estimate SSM. For example [6],
used dual-polarized Sentinel-1 data in agricultural regions
of India. [14] applied compact polarimetric RADARSAT-2
data in Canada. [15] utilized quad-polarimetric RADAR-
SAT-2 data for SSM retrieval in Turkish farmland.

Machine learning (ML) techniques have recently gained
traction for SSM retrieval due to their ability to model com-
plex nonlinear relationships. [16] reported sub-3% RMSE
using random forest with Sentinel-1 data. [17] used arti-
ficial neural networks (ANNs) with compact polarimetric
data, achieving RMSEs of 3—7 vol%. [18] demonstrated
the superiority of random forest for multiple crops using
UAVSAR data. Similarly [19], leveraged polarization
decomposition features and feature selection to estimate
SSM in wheat-growing area.[20] used RADARSAT Con-
stellation Mission (RCM) data and random forest regres-
sion (RFR), with a correlation of 0.75 and RMSE of 5.9%
achieved. Further improvements were achieved using deep
learning frameworks [21] and Gaussian Process Regression
(GPR), yielding RMSEs as low as 4.05% and R? values up
to 0.81. Another study by [22], demonstrated the potential
of Compact Polarimetric (CP) SAR data combined with ML
algorithms for SSM retrieval, reporting improved accuracy
using Ensemble Learning Regression (ELR) and GPR.

Despite these advances, most efforts have focused on
single-frequency SAR systems (e.g., C- or L-band), which
inherently limit retrieval accuracy and generalizability.
Although multi-frequency data fusion has been explored,
integrating non-coincident acquisitions remains challeng-
ing due to discrepancies in spatial and temporal coverage.
There is a lack of robust frameworks for transferring knowl-
edge across frequencies, which are essential for improving
SSM retrieval under diverse environmental and acquisition
conditions.

To address this gap, we propose a novel cross-frequency
calibration framework that enables SSM retrieval from non-
coincident multi-frequency SAR data. Our method employs
domain adaptation techniques to transfer knowledge from
L-band (SAOCOM) to C-band (RCM) datasets, eliminat-
ing the need for coincident acquisitions. By aligning polari-
metric decompositions and backscattering coefficient, we
develop a frequency-agnostic SSM model with enhanced
generalizability. This approach represents a significant step
forward in SAR-based SSM estimation and has broad appli-
cability for drought monitoring, flood prediction, and irriga-
tion management.
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2 Compact Polarimetry Theoretical
Background

Compact Polarimetry (CP) SAR is an innovative SAR
imaging mode that balances the simplicity of single- or
conventional-dual-polarization systems with the rich infor-
mation provided by full polarimetry. In CP, the radar trans-
mits a single polarization state (e.g., circular or 45° linear)
and coherently receives two orthogonal polarizations (e.g.,
horizontal (H) and vertical (V)). This configuration reduces
system complexity while retaining significant polarimetric
information, making it particularly useful for applications
such as soil moisture retrieval, vegetation monitoring, and
sea ice characterization [23].

2.1 Scattering Vector and Covariance Matrix

The scattering vector K, in CP represents the received sig-
nals in the two orthogonal polarizations. For the Circular
Transmit, Linear Receive (CTLR) mode, the scattering vec-
tor is defined as:

Kcp = | %ﬁﬁ ] (1)

where Sppand Sgy are the complex scattering coeffi-
cients for right-hand circular transmit, and horizontal and
vertical linear receive, respectively.

The Stokes vector is a fundamental representation of the
polarization state in CP. For the CTLR mode, the Stokes
vector g is defined as:

<|SRH|2 + |SRV|2>

g0
g= g; = <|SRH\2 - \SRV\2> )
g3 2 (Re (SRHSEV»
—2(Im (SruSky))

where g, is the first Stokes element and represents the total
power, g: and g» characterize linear polarization, while g3
represents the degree of circular polarization. The Stokes
vector is particularly useful for characterizing the degree of
polarization and the target’s scattering mechanisms.

Several key polarimetric features can be derived from
CP SAR data, including the linear and circular polarization
ratios, which are defined as:

o0
Ip_ratio = (})%V (3)
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where,0 %, and o9, are the backscattering coeffi-
cients for the right- and left-hand circular polarizations,
respectively.

The degree of polarization (DoP) quantifies the propor-
tion of the scattered signal that is polarized and is calculated
using the following formula:

JETET R
Dop — V91195195 (5)

g0

where 0 (unpolarized)<DoP<1 (fully polarized). The
degree of linear polarization (DoLP) is the ratio of the lin-
early polarized component’s intensity to the wave’s total
intensity. The following formula expresses it:

2 2
DoLp — VIL T 9 (6)

g0

The Degree of Linear Polarization (DoLP) quantifies the
proportion of linearly polarized radiation in the total signal,
with values ranging from 0 (completely unpolarized) to 1
(fully linearly polarized). Similarly, the Degree of Circular
Polarization (DoCP) characterizes the fractional intensity
of circular polarization relative to the total wave intensity,
derived from Stokes vector components. Mathematically,
DoCP represents the normalized intensity of the circularly
polarized component and is expressed as:

DoCP = @ @)
g0

The DoCP ranges from 0 (no circular polarization) to 1
(fully circularly polarized).

Full-polarization synthetic aperture radar (SAR) sys-
tems operate by simultaneously transmitting and receiving
electromagnetic waves in both horizontal (H) and vertical
(V) polarizations. This dual-polarization capability enables
the creation of a complete scattering matrix that provides
detailed information about an object’s scattering charac-
teristics. One of the most powerful analytical techniques
made possible by this capability is the H/A/Alpha decom-
position, which analyzes the eigenvalues and eigenvectors
of the coherency matrix derived from fully polarimetric
SAR data. This decomposition method examines three key
parameters that describe different aspects of the scattering
process. Entropy (H) quantifies the degree of randomness
in the scattering pattern, with values ranging from 0 (indi-
cating completely polarized, isotropic scattering) to 1 (rep-
resenting completely random scattering). Anisotropy (A)

serves as a complementary measure to Entropy, particularly
useful for interpreting secondary scattering mechanisms
when Entropy values are in the mid-range. The Alpha angle
provides critical information about the dominant scattering
mechanism, with specific angular ranges corresponding to
distinct scattering types: surface scattering occurs at 0°, vol-
ume scattering at 45°, and double-bounce scattering at 90°.

3 Study Area, Remote Sensing Data, and in
Situ Observations

The study is centered on agricultural regions in Eastern
Ontario and Manitoba, Canada (Fig. 1), where the Real-Time
In-Situ Soil Monitoring for Agriculture (RISMA) system is
installed. This system uses Stevens Hydra Probe sensors
to measure soil temperature and dielectric characteristics,
which are then translated into volumetric soil moisture data.
The Carman-Elm Creek region, located within the La Salle
and Boyne River watersheds, exhibits distinct variations in
soil composition. Dense clay and clay loam soils dominate
the eastern sections, while coarser sandy and sandy loam
soils are prevalent in the west. Nine RISMA monitoring sta-
tions are deployed across this zone. Another study area, the
Sturgeon Creek watershed in the Assiniboine River basin,
features flat topography with moderately to poorly drain
lacustrine clay and clay loam soils, and is monitored by
three RISMA stations. An additional four-station RISMA
network covers the Ontario site.

Monitoring equipment is installed along the borders of
active crop fields, with soil moisture sensors placed 6-30
m inward from field edges. Agricultural activity in these
regions follows a seasonal pattern: planting occurs in May,
with harvests from August to September. Fields remain
uncultivated for the rest of the year and are frequently snow-
covered from December through April. Primary crops in
these areas consist of cereal grains, canola, corn, soybeans,
and various legume varieties.

3.1 SAR and Optical Images

This study analyzed 24 RCM (RADARSAT Constellation
Mission) images for the Carman site, Manitoba, 18 RCM
images for the Sturgeon Creek site, Manitoba, and 16 RCM
images for the Casselman site, Ontario. The SAR data were
acquired in SC30M Compact Polarimetry (CP) mode, cov-
ering the 2024 summer and fall seasons (Table 1). All RCM
images were preprocessed using SNAP 11.0, following a
standardized workflow that included radiometric calibra-
tion, application of a 5 x5 boxcar speckle filter, and terrain
correction.
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Table 1 Number of RCM and SAOCOM acquisitions over the selected experimental sites

RCM Imaging Mode No of Images Incidence angle SAOCOM  No of Images Incidence angle
Near range Far range Near range Far range
Manitoba SC30MCPB 30 25.05 30.30 Manitoba 22 44.60 47.10
SC30MCPC 12 33.73 42.72
Ontario SC30MCPB 8 2591 36.28 Ontario 10 33.70 38.30
SC30MCPC 8 33.76 42.72

In parallel, 15 single-look complex (SLC) SAOCOM
images were used for the Carman site, Manitoba, 7 SLC
SAOCOM images for the Sturgeon Creek site, Manitoba,
and 10 SAOCOM StripMap SLC images for the Casselman
site, Ontario (Table 1). These datasets underwent an equiva-
lent preprocessing chain, consisting of radiometric calibra-
tion, 5x5 boxcar speckle filtering, and terrain correction,
ensuring consistency across sensors and study sites.

To explicitly account for vegetation and surface energy
conditions that differentially affect C-band and L-band
backscattering, Sentinel-2 multispectral imagery was inte-
grated to derive the Normalized Difference Vegetation Index
(NDVI). In contrast, surface temperature was included as
an auxiliary variable representing the near-surface thermal
state. NDVI captures vegetation density and phonological
stage, which modulate attenuation and volume scattering,
whereas surface temperature reflects surface drying dynam-
ics and temperature-dependent dielectric variability that
influence radar backscatter sensitivity to soil moisture.

NDVI and surface temperature values were extracted
at RISMA station locations and temporally matched to
SAR acquisitions within a predefined tolerance window to

@ Springer

minimize decorrelation due to vegetation growth and sur-
face moisture changes between overpasses. These variables
were incorporated directly into the machine-learning feature
space to explicitly represent vegetation and surface-condi-
tion effects, rather than implicitly absorbed by SAR observ-
ables alone.

Following preprocessing, a total of 18 SAR and polari-
metric features, together with NDVI coefficients from Sen-
tinel-2, were extracted at the RISMA station locations, as
detailed in Sect. 2. The resulting sample dataset comprised
382 observations from the RCM satellite and 184 from
the SAOCOM satellite, forming the basis for subsequent
machine-learning model development and analysis.

3.2 In Situ Soil Moisture Values Distribution

The research utilized ground-based soil moisture data
obtained from RISMA monitoring stations. These measure-
ments spanned from extremely dry conditions (0.09 m3*/m?)
to very wet conditions (0.44 m*/m?®), encompassing the full
range of moisture levels commonly observed in agricultural
soils throughout the region. Analysis revealed a roughly
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normal distribution of values, centered on a mean of 0.26
m3/m? with a variability of +0.08 m3/m?. Most recorded val-
ues (approximately 68%) clustered between 0.20 m*/m* and
0.35 m3/m?, indicating predominantly moderate moisture
levels (see Fig. 2). Data collection occurred during the 2024
growing season (summer through fall), allowing observa-
tion of natural moisture fluctuations influenced by both crop
development cycles and rainfall patterns.

3.3 Methodology
3.3.1 Feature Selection

Our study methodology incorporated a systematic feature
selection approach to optimize model inputs. We employed
statistical analysis to evaluate and select predictive vari-
ables, utilizing an F-test framework with ANOVA-derived
metrics. This analytical process calculated F-values and cor-
responding p-values to assess feature significance, enabling
us to identify variables that show meaningful variation
across soil moisture categories (including dry, moderate,
and wet conditions). The most statistically influential fea-
tures were subsequently retained for model development,
while less significant variables were excluded to enhance
predictive efficiency. To reduce redundancy and address

multi-collinearity, the Spearman Correlation Coefficient
(SCC) was utilized to identify and remove highly correlated
feature pairs, ensuring that only independent and informa-
tive features were retained. This systematic combination of
methods ranking features with the F-test, and eliminating
redundancy with SCC ensured that the selected features
contributed meaningfully to the model’s predictive perfor-
mance and interpretability.

3.3.2 Domain Adaptation

Domain adaptation addresses the issue of domain shift,
wherein a model trained on a source domain (e.g., SAOCOM
L-band SAR data) exhibits degraded performance when
applied to a target domain (e.g., RCM C-band SAR data)
[24] due to distributional discrepancies induced by variations
in sensor specifications (e.g., L-band’s deeper penetration
depth (5-25 cm) vs. C-band’s shallower sensing (2—5 cm),
frequency-dependent saturation limits, and vegetation atten-
uation effects. The physical basis for the cross-frequency
adaptation domain lies in leveraging shared scattering
mechanisms rather than absolute penetration depths. While
SAOCOM (L-band) penetrates deeper (5-25 cm) than
RCM (C-band, 2-5 cm), both frequencies respond to sur-
face dielectric properties (0—5 cm) under low-to-moderate

Distribution of Soil Moisture Values
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Fig. 2 Distribution of in situ soil moisture in the study area
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vegetation. By aligning polarimetric features (e.g., surface-
scattering dominance via the Alpha angle and depolarization
via Entropy), the model transfers knowledge of dielectric
soil relationships across frequencies. This fact is validated
using in situ measurements at 0—5 cm depths.

Vegetation effects represent a key source of domain shift
between L-band and C-band SAR observations. While
L-band maintains sensitivity under moderate vegetation due
to deeper penetration, C-band is more prone to attenuation
and saturation as canopy density increases. To mitigate this
discrepancy, vegetation and surface-condition descriptors
(NDVI and LST) were explicitly included in the feature
space prior to kernel alignment. In this way, the cross-fre-
quency transferability is not driven solely by site-specific
soil moisture correlations, but rather by shared dielectric—
scattering relationships conditioned on vegetation state and
surface thermal dynamics.

To address this, a kernel-based domain adaptation tech-
nique was implemented to minimize feature space diver-
gence between the source and target domains [25]. Relevant
polarimetric features, including Stokes vector components,
backscatter coefficients, and polarization ratios, were
extracted from both the SAOCOM (L-band) and RCM
(C-band) datasets. Prior to analysis, these features under-
went preprocessing and normalization to enhance inter-
dataset consistency (Fig. 3).

The feature space transformation was performed using
a Radial Basis Function (RBF) kernel operator, which non-
linearly maps input variables into an infinite-dimensional
Reproducing Kernel Hilbert Space (RKHS) [26]. This ker-
nel-based transformation facilitates the modeling of intricate
nonlinear manifolds that represent cross-domain dependen-
cies. To address domain shift, we developed an optimization
framework that reduces the Maximum Mean Discrepancy
(MMD) in the RKHS, a measure of the disparity between
the mean embeddings of the source and target distribu-
tions. By minimizing this metric, the framework promotes
domain-invariant feature representations by aligning the
transformed feature distributions. The following equation
mathematically expresses the RBF kernel operator:

2
K(z;,z;) = exp(—%) )
Here, x; and x; represent feature vectors from the source and
target domains, respectively, where ¢ denotes the kernel
bandwidth parameter governing mapping smoothness, and
Il indicates the Euclidean norm. The RBF kernel effectively
models nonlinear inter-domain relationships, facilitating the
learning of sophisticated data patterns.

For domain alignment, we minimized the Maximum
Mean Discrepancy (MMD) metric - a non-parametric
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Fig.3 Domain adaptation workflow for cross-frequency SSM retrieval }

estimator of distributional dissimilarity between source and
target domains within the RKHS framework. The MMD
operator quantifies this divergence by computing the dis-
tance between kernel mean embeddings of the respective
probability distributions, mathematically represented as:

1 Ng s 1 n ’
MMD? = Hn—z P12 (@) - — Y o () .

)

Where 2§ and x§ denote sample points from the source and
target domains, respectively, while n_s and n_t represent
the corresponding sample counts for each domain. The fea-
ture transformation @, generated by the RBF kernel, maps
these samples into the Reproducing Kernel Hilbert Space,
where I-|_H indicates the norm operation within this RKHS
framework.

After training the initial models on the source domain
(SAOCOM data) using aligned features, transfer learning
was applied to adapt them to the target domain (RCM data).
Fine-tuning involved initializing the model weights with
those learned from the SAOCOM domain and then continu-
ing training on the RCM domain with a reduced learning
rate to preserve previously learned features while allowing
domain-specific adjustments. Bayesian optimization was
employed to select optimal hyperparameters during both the
initial training and fine-tuning stages.

3.4 Machine Learning Techniques

This study implemented Ensemble Learning Regression
(ELR) and Gaussian Process Regression (GPR) algorithms
for surface soil moisture estimation, employing Bayesian
optimization with an expected improvement per second
acquisition function to systematically tune hyperparameters
by minimizing the mean squared error between predicted
and observed values. Model validation incorporated a 5-fold
cross-validation protocol followed by comprehensive eval-
uation on held-out test datasets, ensuring robust assessment
of generalization performance while controlling for over-
fitting. The optimization framework leveraged probabilis-
tic modeling to efficiently navigate the parameter space,
balancing exploration and exploitation to identify optimal
model configurations that maximized predictive accuracy
for soil moisture retrieval tasks.

3.4.1 Gaussian Process Regression (GPR)
This non-parametric machine learning technique constructs

predictive models using Gaussian processes. The model’s
performance depends on several critical hyperparameters,
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such as the prior mean function, kernel function, kernel
scale, and standard deviation (Sigma) [27]. We used Bayes-
ian optimization [28]to find the optimal configuration
of these hyperparameters. This technique systematically
searches the hyperparameter space to identify the combina-
tion that maximizes model accuracy and minimizes predic-
tion errors.

3.4.2 Ensemble Learning Regression (ELR)

This study implemented Ensemble Learning Regression
(ELR) to model complex nonlinear relationships by aggre-
gating multiple decision tree-based weak learners [29]. The
investigation specifically examined two distinct ensemble
approaches: (1) AdaBoost (Adaptive Boosting), which
iteratively enhances predictive performance through error-
correcting boosting mechanisms, and (2) Bagged Trees
utilizing bootstrap aggregation [30] with regression tree
base learners. Hyperparameter optimization was conducted
via Bayesian techniques [28], systematically tuning criti-
cal parameters including minimum leaf size, learning rate,
ensemble size, and predictor sampling dimensions to iden-
tify optimal model configurations that maximize predictive
accuracy. Figure 4 summarizes the methodology used in this
study.

4 Results and Discussion
4.1 Feature Importance

Feature importance analysis (Fig. 5) reveals that polarimet-
ric descriptors, particularly Degree of Circular Polarization
(DOCP) and the Alpha angle, dominate soil moisture sen-
sitivity, reflecting their strong linkage to surface dielectric
behavior and scattering mechanisms. Importantly, veg-
etation and surface condition variables are not negligible:
NDVI and surface temperature exhibit moderate but consis-
tent importance, confirming that vegetation density and sur-
face thermal state contribute meaningfully to soil moisture
retrieval across both frequencies.

The NDVI contribution indicates that vegetation effects
are explicitly represented in the model rather than implic-
itly absorbed by radar observables. At the same time, the
relevance of surface temperature highlights the role of sur-
face drying and temperature-dependent dielectric variability
in stabilizing backscatter soil moisture relationships. This
combination supports the physical interpretability of the
cross-frequency adaptation process.

Moderate importance is observed for the polarimetric
parameters g», Sigma HYV, and incidence angle, reflecting
the combined influence of vegetation state, cross-polarized
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backscatter, and sensor geometry on microwave soil mois-
ture retrieval. Features such as gi, LPR, and go exhibit lower
yet non-negligible contributions, indicating secondary sen-
sitivity to total scattering power and polarization ratios.

Finally, Entropy, Sigma HH, anisotropy, and DOP rank
lowest in the importance hierarchy, suggesting limited
standalone predictive power under the prevailing surface
and vegetation conditions. It should be noted that the fea-
tures shown in Fig. 5 constitute a reduced subset selected
via SCC-based feature selection. Initially, a broader set
of SAR and polarimetric descriptors was extracted; how-
ever, features exhibiting weak correlation with soil mois-
ture or strong multicollinearity were excluded to enhance
model robustness and interpretability. This pre-selection
step ensured that the ensemble model relied on the most
informative and non-redundant predictors for soil moisture
estimation.

4.2 Model Performance

The models demonstrated strong predictive capability.
Using SAOCOM-derived features, the ELR and GPR mod-
els achieved high performance, with coefficients of determi-
nation (R2) of 0.75 (ELR) and 0.76 (GPR), and RMSE and
MAE values of 0.041 m*/m?® and 0.032 m*/m?, respectively.
These results were obtained using 5-fold cross-validation.

Following domain adaptation, which transferred learning
from SAOCOM (L-band) to RCM (C-band) features, model
performance remained consistent. The ELR model achieved
an (RMSE) and (MAE) of 0.039 m*m?, 0.30 m3/m? with
(R?) of 0.81. GPR exhibited comparable results (RMSE:
0.07 m*/m?, MAE: 0.047 m*m?, R%: 0.72).

Figures 6 and 7 present comparative analyses of GPR
and ELR performance via scatter and residual plots, con-
trasting baseline (SAOCOM-trained) and fine-tuned (RCM-
adapted) models. Scatterplot visualization revealed superior
alignment of ELR predictions with the 1:1 ideal fit line rela-
tive to GPR, indicating enhanced predictive accuracy. This
observation aligns with the reported correlation coefficients
(baseline models: ELR R>=0.75, GPR R2=0.76; fine-tuned
models: ELR R>=0.81, GPR R>=0.72).

The error analysis revealed residuals that were randomly
distributed within = 15% of the zero baseline for both mod-
eling approaches, demonstrating negligible systematic
bias and limited outlier influence. Quantitative evaluation
showed optimal performance with SAOCOM-derived fea-
tures, with both models achieving high correlation coef-
ficients and the lowest root mean square errors (RMSEs).
After domain adaptation, the models successfully general-
ized to RCM features, with the ensemble and GPR models
achieving an RMSE of less than 0.06 m*/m? for soil moisture
estimation. These findings underscore the robustness of the
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Fig. 4 Workflow diagram of the
overall SM retrieval framework
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domain adaptation approach in leveraging knowledge from
one sensor domain to enhance performance in another, even
when significant differences in data characteristics exist.
The quantile-quantile (Q-Q) plot presented in Fig. 8
provides a rigorous assessment of residual normality by
comparing the empirical distribution of prediction errors
(predicted minus observed SSM) against a theoretical
Gaussian distribution. For the Gaussian Process model
(applied to both the SAOCOM and domain-adapted RCM
test datasets), the strong alignment of residual quantiles
with the 45° reference line confirms approximate normality
of the error distribution. However, subtle deviations in the
distribution tails suggest reduced predictive reliability under
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- MAE: m¥m?
- Correlation Coefficient:R
- Q-Q/Bland-Altman plots

model across both the SAOCOM and RCM test sets, with
the majority of residuals closely following the expected nor-
mal distribution. The observed tail-end departures indicate
comparable limitations in extreme-value prediction, though
the central tendency remains well-calibrated.

The Bland-Altman analysis presented in Fig. 9 demon-
strates strong agreement between observed and predicted
soil moisture values, with mean biases of 0.011-0.012 m?/
m? (indicating slight underestimation) for ELR and near-
zero bias (-0.000 m?*m?®) for Gaussian Process models.
However, systematic heteroscedasticity is evident in mois-
ture-dependent error patterns: negative deviations (under-
estimation) prevail in low moisture conditions (< 0.15 m?/
m?), while positive deviations (overestimation) dominate
in high moisture conditions (> 0.35 m*m?®), suggesting
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model limitations at hydrological extremes. Despite these
edge-case discrepancies, the tight clustering of>95% of data
points within clinically acceptable agreement limits (+15%
of mean SSM) confirms both models’ reliability for routine
soil moisture monitoring applications, with Gaussian Pro-
cess demonstrating superior mean calibration. These find-
ings highlight the need for condition-specific calibration
to address systematic biases at moisture extremes while
validating the models’ robustness across typical agricultural
moisture ranges (0.15-0.35 m*/m?3).

The line plots in Figure 10 show that both Bagging and
Gaussian Process models effectively capture general soil
moisture trends in the RCM test set, with strong alignment
between predicted and observed values. However, model
performance degrades under extreme moisture conditions
(< 0.15 m¥m? or > 0.35 m*/m?), with notable deviations
at specific intervals (Bagging: samples 20-40, 80-100;
Gaussian Process: samples 40-60, 100-120). Despite these
limitations, quantitative metrics confirm robust predic-
tive accuracy, with the Bagging model achieving RMSE =
0.041 m*m?3, MAE = 0.03 m*m?, and R? = 0.81, while the
Gaussian Process yielded RMSE = 0.047 m*m?® and MAE
= 0.03 m3m® (Fig. 6). These results validate the models’
generalization capability while highlighting opportunities
for improvement through enhanced feature engineering tar-
geting extreme conditions and moisture transition dynam-
ics, particularly by incorporating soil-specific hydraulic
parameters.
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As shown in Fig. 11, the spatial variability of the soil
moisture is captured at the field scale. A clear visual con-
trast is evident in the study area. The east region appears
wetter than the west region, which shows drier soil condi-
tions. This is attributed to the soil texture of the study area,
with the western region dominated by sandy soil, while the
eastern region is largely clay soil. Therefore, the contrast
between the two regions is related to differences in soil
water-holding capacity.

4.3 Discussion

This study demonstrates that domain adaptation provides a
reasonable approach towards cross-frequency soil moisture
estimation from non-coincident SAR acquisitions, thus alle-
viating one of the most significant operational bottlenecks
for multi-frequency SAR-based soil moisture monitoring.
By transferring SAOCOM’s L-band full-polarimetric fea-
ture space into the compact-polarimetric space of RCM,
both Ensemble Learning Regression (ELR) and Gaussian
Process Regression (GPR) maintained predictive perfor-
mance (RMSE = 0.04-0.07 m*m?, R? = 0.71-0.81) (Fig.
6.), a performance level competitive with single-frequency,
temporally synchronized retrieval structures [18, 19]. This
reflects the stability of kernel-based domain adaptation in
harmonizing frequency-dependent scattering responses,
so the inference is robust even under temporal misalign-
ments and varying acquisition geometry. The physical basis
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Fig. 6 Scatter plots for the optimized models using SAOCOM features (Left column) and domain-adapted using RCM features (Right column)

of transferability lies in the alignment of shared scatter-
ing mechanisms, primarily surface-dominated responses
captured by the Alpha angle, DOCP, and depolarization
metrics, which remain sensitive to near-surface dielectric
properties (= 0—5 cm) under low-to-moderate vegetation
conditions. The framework does not assume equivalent pen-
etration depths or vegetation transparency between L-band
and C-band; instead, it leverages feature-level conditioning
to harmonize frequency-dependent responses.

Vegetation affects scattering mechanisms differently at
C- and L-band, with L-band retaining sensitivity to soil
dielectric properties under moderate canopy cover, while
C-band is more susceptible to attenuation and saturation as
vegetation density increases [31, 32]. In this study, vegeta-
tion effects are not neglected; they are explicitly incorpo-
rated by including Sentinel-2—derived NDVI and surface

temperature in the feature space. Feature importance anal-
ysis (Fig. 5) shows that NDVI consistently contributes
across models, confirming that vegetation density and
phonological stage actively modulate the radar soil mois-
ture relationship rather than being implicitly absorbed by
SAR observables. The relevance of surface temperature fur-
ther reflects the influence of surface drying dynamics and
temperature-dependent dielectric variability on backscatter
sensitivity, particularly during wetting—drying transitions
[33]. The retained contribution of Entropy and anisotropy
further underscores the value of capturing scattering ran-
domness and secondary mechanisms [34], demonstrating
that fine-grained polarimetric descriptors remain critical
even under reduced polarimetric dimensionality (RCM CP
mode). These findings support the notion that polarimetric
diversity compensates for frequency-dependent sensitivity
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Fig.7 Residual plots for the ELR residual plot SAOCOM test set
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loss, making CP SAR data operationally valuable for soil
moisture retrieval in regions where full-polarimetric L-band
acquisitions are sparse [35].
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Error diagnosis techniques, including Q—Q plots, Bland—
Altman plots, and residual spatial patterns, demonstrate sys-
tematic underperformance in the presence of hydrological
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Fig. 8 Quantile-Quantile (Q-Q) plots of residuals for ELR and GPR models using base (SAOCOM Features-Left column) and domain-adapted

fine-tuned (RCM features-Right column) models

extremes (< 0.15 m*m?* and > 0.35 m*/m?®) (Figs. 7, 8 and
9). Observed bias structure is in agreement with long-doc-
umented C-band saturation phenomena over closed vegeta-
tion and smooth flooded areas, and nonlinear backscatter
moisture relations in dry cracked soils [36]. Despite these
limitations, the ensemble and GPR models’ error distribu-
tions remained within + 15% agreement boundaries (Fig. 9)
for > 95% of samples, validating their potential for regular
crop monitoring. The partial compensation evidenced by
Stokes-vector-based depolarization metrics offers a solution
for mitigating nonlinear scattering effects independently of
ancillary optical or meteorological information.

In comparison with recent SAR-only studies reporting
RMSE values of 0.05-0.07 m*m? with temporally coincident
C-band and optical indices [18, 37], the results presented here
should be interpreted in light of a different methodological

objective. Earlier works benefited from synchronized acqui-
sitions and frequency-specific calibration, which naturally
enhance accuracy. In contrast, the present study prioritizes
operational generalization by removing the requirement for
coincident observations and enabling knowledge transfer
across frequencies. Achieving comparable accuracy under non-
coincident, multi-frequency conditions, therefore, represents
a methodological trade-off favoring revisit enhancement and
scalability rather than site-optimized peak performance. This
distinction clarifies the added value of the proposed approach
relative to training independent, frequency-specific models for
SAOCOM and RCM.

Finally, the field-scale soil moisture map derived from
domain-adapted RCM features (Fig. 8) demonstrates that
the framework captures meaningful spatial variability linked
to soil texture and water-holding capacity, with wetter
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Fig. 9 Bland-Altman plots comparing observed vs. predicted soil moisture for ELR and GPR: (left column) base SAOCOM model and (right

column) fine-tuned RCM model. Dashed lines indicate mean bias

clay-dominated eastern areas and drier sandy western regions
clearly distinguished. This spatial coherence confirms that
the learned relationships are not purely statistical artifacts
but reflect underlying hydrological and pedological controls
[38]. Together, these results indicate that cross-frequency soil
moisture retrieval is physically defensible and operationally
valuable when vegetation and surface conditions are explic-
itly constrained and when transferability is learned through
feature-space alignment rather than assumed correlation.

4.4 Limitations of the Proposed Framework
Although the proposed SAOCOM—RCM cross-frequency

calibration achieved competitive accuracy, the results should
be interpreted in light of several study-specific constraints.

@ Springer

First, although NDVI and land surface temperature are
incorporated to represent vegetation and surface-condition
effects explicitly, the proposed framework remains con-
strained to low-to-moderate vegetation regimes typical of
agricultural croplands. Under dense canopy conditions,
C-band backscatter saturation and increased volume scat-
tering can disrupt the shared surface-scattering assump-
tions underpinning the domain adaptation process, thereby
limiting cross-frequency transferability. Consequently,
the framework is not intended for forested or closed-
canopy environments without additional canopy-structure
descriptors or longer-wavelength observations.

Second, the framework explicitly targets non-coincident
acquisitions; however, temporal mismatches still introduce
label noise. While NDVI was temporally matched to SAR
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Fig. 10 Predicted vs. observed soil moisture trends for (Top) ELR and (Bottom) GPR on the RCM test set

within a tolerance window, rainfall/irrigation events and Finally, several physical drivers were not explicitly
rapid drying between overpasses can alter surface dielectric ~ parameterized. Surface roughness, tillage state, residue
conditions, which are not represented in the feature set. This ~ cover, and soil-texture properties were not measured con-
is a plausible contributor to the moisture-dependent bias and ~ temporaneously; instead, their influence is only implicitly
heteroscedasticity observed at the dry (<0.15 m*/m®) and  represented through SAR polarimetric features.

wet (>0.35 m*/m?) extremes.
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Predicted Soil Moisture Map-Carman study area-RCM features (15/06/2024)
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Fig. 11 Soil moisture map produced from RCM domain-adapted features in the study area

5 Conclusion

This study advances soil moisture retrieval to the next level
by presenting a cross-frequency calibration framework that
transfers predictive knowledge between SAOCOM L-band
quad-polarimetric and RCM C-band compact-polarimetric
datasets without requiring coincident acquisitions. The inte-
gration of domain adaptation with ensemble learning (ELR)
and Gaussian Process Regression (GPR) delivered stable pre-
dictive performance (RMSE=0.04-0.07 m*/m?3, R*~0.71—
0.81) that matches or surpasses accuracies reported for
single-frequency, temporally coincident retrieval systems.
This confirms that kernel-based feature alignment is effec-
tive in minimizing discrepancies between radar frequencies
and acquisition geometries, offering an extendable approach
to multi-sensor soil moisture monitoring.

Feature selection highlighted the significant contribu-
tions that polarimetric decomposition metrics, in particular

@ Springer

DOCP and Alpha angle, make in addressing dielectric- and
roughness-driven scattering, with Entropy and anisotropy
providing additional sensitivity to structural heterogeneity.
These findings enhance the operational value of compact
polarimetry in the absence of full polarimetric acquisi-
tions, widening the application of SAR-based monitoring
programs.

Error analyses using Q—Q, Bland—Altman, and residual
mapping revealed systematic performance deterioration at
hydrological extremes (<0.15 or >0.35 m*/m?), C-band sat-
uration, and unaccounted surface roughness. Despite these
limitations, >95% of retrievals were within +15% of the
agreement limits, testifying to the feasibility of the proposed
framework for agricultural and hydrological applications.
A field-scale soil moisture map further demonstrated the
framework’s ability to map subtle textural and hydrological
gradients, confirming its suitability for precision agriculture
and watershed-scale monitoring.
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Collectively, these results establish a sensor-independent
retrieval framework that unlocks the operational capability of
legacy and future multi-frequency SAR archives. By remov-
ing the requirement for temporally synchronized acquisitions,
this approach circumvents a key limitation of current soil mois-
ture monitoring networks, enabling cost-effective continuous
mapping in data-scarce and cloud-prone environments. Future
research needs to combine this data-driven alignment with
physically based scattering models and ancillary datasets (e.g.,
soil hydraulic properties, LIDAR-derived surface metrics) to
enhance extrapolation under extreme conditions and expand
applicability across a broad range of agro-ecological zones.
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