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1 | INTRODUCTION

Soil water content (SWC), or soil moisture, plays a fundamen-
tal role in various environmental and hydrological processes.
It regulates land—atmosphere interactions (Seneviratne et al.,
2010), influences agricultural productivity (D. Wu et al.,
2021), affects ecosystem health (L. Liu et al., 2020), and gov-
erns hydrological modeling and water resource management
(Brocca et al., 2017). Accurate estimation of SWC is crucial
for these applications, yet obtaining reliable measurements
is challenging due to its high spatial and moderate temporal
variability (Milicke et al., 2020).

Different methods have been developed to estimate SWC
at varying scales, each with distinct advantages and lim-
itations. Broadly, SWC measurement techniques can be
categorized into three groups based on their spatial coverage:
point-scale (PS) sensors, intermediate proximal sensors like
cosmic-ray neutron sensing (CRNS), and remote sensing (RS)
satellite images (Ochsner et al., 2013). PS sensors, includ-
ing both static and mobile instruments, provide localized,
high-precision measurements but lack extensive coverage
(Robinson et al., 2008). Proximal sensing like CRNS offers
an intermediate-scale solution, integrating SWC information
over a larger footprint (up to hundreds of meters) (Baroni
et al., 2018; Bogena et al., 2015; Zreda et al., 2008). RS, on
the other hand, provides large-scale observations, enabling
regional and global monitoring but often with lower reso-
lution and depth-limited penetration (Peng, Albergel, et al.,
2021). Given these differences, direct comparisons between
datasets obtained from these methods are not straightforward.
When using them for validation, merging, or intercomparison
studies, harmonization becomes an essential step to ensure
consistency and comparability.

Despite its importance, the concept of harmonization has
often been used interchangeably with data fusion in the liter-

Plain Language Summary

Soils act as a sponge, storing water that plants need and that also regulates floods,
droughts, and climate. But different sensors (in-ground probes, cosmic-ray detectors,
and satellites) measure soil water differently, making it hard to compare their readings
directly. In this work, we present a step-by-step workflow that allows many kinds of
soil moisture data to be put on a common footing without “blending” them away. We
tested different methods to make their units, timescales, depth profiles, and spatial
coverage compatible. We found that some physically based conversions and spatial
interpolation techniques greatly improve agreement among the datasets and ensure
the harmonized results remain realistic (i.e., within expected soil moisture ranges).
The outcome is a clear, traceable process that other scientists can use to combine
soil moisture measurements from different sources. This helps researchers use multi-

sensor data more reliably in hydrology and agricultural applications.

ature (Castanedo, 2013; Zhao et al., 2024). While both share
some similarities, a crucial distinction exists between them.
The latter typically aims to integrate multiple datasets into a
new product, whereas harmonization, as defined in this study,
focuses on making datasets more (meaningfully) comparable
while preserving their distinct characteristics. This definition
not only provides a structured approach for handling diverse
datasets but also helps in method selection. By positioning
harmonization as a necessary step after quality control (QC)
and before data fusion in the workflow, methodologies that do
not align with our definition, such as those that significantly
alter the nature of the original dataset rather than improving
its comparability, can be excluded.

While various studies have explored harmonization tech-
niques, they often focus on specific aspects without address-
ing all relevant components comprehensively or assessing
the effect of the selected method on the final results. For
instance, Usowicz et al. (2020) compared RS and PS with
a special focus on penetration depth. Peng, Tanguy et al.
(2021) compared several SWC products integrating both unit
transformation and seasonal detrending. Schmidt et al. (2024)
compared RS and CRNS datasets with the focus on units’
transformation, temporal mismatch, and penetration depth.
Direct comparison with very brief data preparation is also
common (Upadhyaya et al., 2021). This variety of approaches
used for the intercomparison of the different SWC products
limits the possibility to compare the results across studies and
to gain knowledge from the repetition of the assessments at
the different locations.

To bridge this gap, in this study, harmonization is catego-
rized into four key components with increasing complexity:
unit harmonization, temporal harmonization, vertical harmo-
nization (depth adjustment), and lateral spatial harmonization.
A review of 60 relevant studies has been conducted (see
Appendix), and those were categorized into five distinct
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classes: general statistical, spatial statistical, machine learning
(ML), triple collocation (TC), and process-based models. For
each of the harmonization components, two of the most used
and relevant methods were selected to enable a comparative
study. Lateral spatial harmonization, due to its complex-
ity and more noticeable presence in the reviewed literature,
required more than two methods. To navigate the diverse
methodologies encountered for lateral spatial variability, from
the previously mentioned general categories, a representa-
tive method was selected for application and evaluation, with
choices guided by an assessment of the strengths and limita-
tions of each method. This ensured that the selected methods
encapsulated the key trade-offs observed in the literature
while maintaining alignment with the broader objectives of
harmonization.

The approaches have been applied to seven datasets col-
lected at different sites over Europe that comprise PS, CRNS,
and RS products. By following this structured approach,
our study aims to systematically evaluate harmonization
techniques, offering insights into their effectiveness and
implications. This framework provides a foundation for more
reliable intercomparisons of SWC datasets, improving their
usability in hydrological and environmental applications.

2 | MATERIALS AND METHODS

2.1 | Study areas and datasets
The study analyzes seven sites across Europe (Figure 1),
primarily affiliated with the SoMMet project (https://www.
sommet-project.eu) and the COSMOS-UK network (https://
cosmos.ceh.ac.uk). UK sites provide the longest observational
records (2016-2024), while Italian sites offer shorter data
with considerable gaps. These kinds of variable and some-
times sparse datasets are common in real-world applications
and must be taken into account when designing and apply-
ing harmonization methods. Almost all sites feature at least
one PS sensor that includes shallow SWC measurements at 5-
cm depth. PS sensor density varies considerably across sites,
ranging from 1 PS sensor (Imola) to 30 sensors (Marquadt)
within the RS pixel over that field. Because the CRNS data
for the Marquadet site are available only at daily resolution, this
site is excluded from the initial comparisons and included only
after temporal harmonization. Accordingly, the initial analy-
sis focuses on the remaining six sites. Spatially, soil and land
use are mostly homogeneous at the CRNS coverage scale but
often heterogeneous within coarser resolution RS pixels. Site-
specific properties, including soil type, land use within the
CRNS footprint, and data availability, are detailed in Table 1.
At the PS, SWC is measured over a very localized vol-
ume, typically just a few millimeters or centimeters around
the sensor. While these high-resolution data are valuable

Core Ideas

* The total water capacity conversion method for unit
harmonization improved the physical plausibility
of remote sensing (RS) data, increasing values
within field capacity—wilting point ranges by up to
7% compared to mean-variance matching.

* Temporal harmonization methods (daily averaging
vs. overpass selection) showed negligible per-
formance differences, confirming that soil water
content comparability is not largely affected by
sub-daily variability.

* Depth harmonization using weighted averaging
(for point-scale sensors) and exponential fil-
tering (for remote sensing product) enhanced
remote sensing-ground agreement (AR = +0.15,
AubRMSD = —0.03 [AubRMSD is unbiased root
mean square deviation]) and increased remote
sensing dataset plausibility by ~12%.

* For lateral spatial harmonization, ordinary krig-
ing provided the largest quantitative improvement
(R +0.43-0.44, field capacity (FC)-wilting point
(WP) plausibility +16% for cosmic-ray neutron
sensing, +30% for remote sensing) but required
large point-scale sensors network; random forest
offered large statistical gains as well but risked
overfitting.

e The workflow demonstrates that optimal harmo-
nization is context-dependent, with ordinary krig-
ing best for data-rich sites and triple collocation +
mean-variance matching most practical for small
networks, enhancing cross-sensor comparability
and reproducibility.

for site-specific analysis, they pose challenges for broader
comparisons, especially during lateral spatial harmonization.
Given the potential for variations in PS sensor types and
operational characteristics at different sites, more informa-
tion can be found by consulting the individual site references
(Table 1). In some cases, such as Imola, only one sensor was
available (Figure 1), highlighting the need for harmonization
strategies that adapt to limited data availability. Most sensors
recorded data at hourly or sub-hourly intervals; the latter were
aggregated using a mean to produce an hourly time series.
All measurements are reported in volumetric water content
(VWC), with units of m3/m3.

CRNS provides an intermediate-scale solution for SWC
monitoring, filling the gap between localized PS sensors
and broader RS products. The method operates by detecting
epithermal neutrons generated from cosmic rays that inter-
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FIGURE 1 Left panel: Geographic locations of the seven study sites across Europe. Right panel: Example from the Imola site showing the

1 km remote sensing [RS] pixel (grid with black segments), cosmic-ray neutron sensing (CRNS) location and its considered footprint (125 m radius,

orange point, and gray shaded circle), and point-scale (PS) location (green point). This illustrates the spatial relationship among sensing systems.

PS data period (gaps
included)

July 2024-Sept. 2024
June 2023-Sept. 2023,
June 2024-July 2024
Dec. 2018-Jan. 2020
Mar. 2024-Aug. 2024
Apr. 2016-Dec. 2024

Feb. 2020-Dec. 2024

June 2016-Dec. 2024

CRNS data period

(gaps included)

Aug. 2021-Dec.
2024

Apr. 2023-Oct.
2023

July 2019-Nov.
2022 (daily)

Sept. 2022—-June
2023

Apr. 2016-Dec.
2024

Jan. 2016-Dec.
2024

June 2016-Dec.

Reference

(Mazzoleni et al.,
2025)

(Heistermann
et al., 2023)

(T. Lietal., 2021)

(Cooper et al.,
2021)

TABLE 1 Features of the studied sites.
PS sensors

Site name Soil type Land use within RS pixel
Bondeno Clay loam Orchard land 8
Imola Silty clay Cropland 1

loam
Marquadt Sandy loam  Crop/orchard/grassland 30
Nucice Silt loam Cropland 2
Euston Sandy loam  Grassland 2
Waddesdon  Clay loam Grassland 2

Sandy loam  Grassland 2
Hillsborough

2024

Abbreviations: CRNS, cosmic-ray neutron sensing; PS, point-scale; RS, remote sensing.

act with hydrogen atoms in the soil. Since water contains
hydrogen, neutron counts are inversely related to SWC lev-
els. However, raw neutron data require several preprocessing
steps, such as corrections for atmospheric pressure, humid-
ity, and incoming neutron flux, to translate them into reliable
SWC estimates (Baroni et al., 2018). These preprocessing
steps were already applied by the institutions managing each
CRNS station using established, sensor-specific processing
methods. Standardized open-source frameworks for CRNS
data processing, such as CRSPy (Cosmic-Ray neutron Sensor
PYthon tool; Power et al., 2021) and CRNPy (Cosmic-

ray Neutron Python library; Rud et al., 2024), have been
developed to support consistent implementation of these cor-
rections. In this study, such corrections are treated as part of
the CRNS SWC retrieval process, analogous to the conver-
sion of satellite backscatter to soil moisture in RS, and are
therefore considered a prerequisite rather than an element of
the harmonization workflow (Cooper et al., 2021; Heister-
mann et al., 2023; T. Li et al., 2021). The spatial footprint of
CRNS typically ranges from ~100 to 250 m in radius (Zreda
etal., 2012), depending on environmental and soil conditions.
In this study, a buffer radius of 125 m (Emamalizadeh et al.,
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2024), approximately 5 ha, was chosen to represent the area
contributing most significantly (~86%) to the CRNS signal
under varying SWC states (Schron et al., 2017). This footprint
makes CRNS especially useful for agricultural and hydrolog-
ical applications at the field scale (Schron et al., 2017). Its
intermediate resolution also allows it to serve as a valuable
reference value for both upscaling PS data and downscaling
satellite observations (Figure 1). The sensing depth of CRNS
is more complex to define, as it decreases with increasing dis-
tance from the sensor and is influenced by site-specific factors
such as SWC content; in general, it is more sensitive to mois-
ture closer to the sensor and near the surface (Schron et al.,
2017). CRNS data used in this study were recorded hourly
and in the VWC unit.

RS products generally offer broad spatial coverage, often
with resolutions of several kilometers (Babaeian et al., 2019).
This makes them valuable for large-scale monitoring, though
their accuracy may suffer compared to in-situ measurements;
therefore, there is a need for ground-based comparison and
validation. Their temporal resolution is typically limited by
satellite revisit cycles; however, with the aid of advanced
interpolation techniques and data merging algorithms (Bauer-
Marschallinger et al., 2018; X. Zhu et al., 2010), products
with improved temporal granularity have become available.
In this study, the daily surface soil moisture (SSM) prod-
uct provided by the Copernicus Land Monitoring Service
(Bauer-Marschallinger et al., 2019) was used. This product
is derived from Sentinel-1 C-band Synthetic Aperture Radar
(C-band SAR) observations and provides surface SWC esti-
mates by applying retrieval models that relate backscattered
C-band SAR signals to surface dielectric properties, which
are primarily controlled by SWC but are also influenced by
surface roughness, vegetation cover and structure, and ancil-
lary surface and soil conditions such as soil temperature.
One major reason for selecting this product is its favorable
trade-off between spatial and temporal resolution: the 1 km
spatial resolution makes it suitable for field-scale applica-
tions and better aligned with CRNS data (Figure 1), especially
when compared to coarser products with pixels of 25-50 km
resolution. At such large scales, the heterogeneity of influ-
encing factors like vegetation cover, soil type, topography,
atmospheric conditions, and irrigation zonation (Crow et al.,
2012; Emamalizadeh et al., 2024) becomes more pronounced,
complicating comparisons with point or field-scale measure-
ments. The SSM product is distributed at a daily temporal
resolution, reflecting the temporal availability of processed
Sentinel-1 observations. Its sensing depth, similar to other C-
band radar-based RS products, is typically confined to the
very topsoil layer (approximately 1-2 cm), depending on
soil moisture, surface roughness, and vegetation conditions
(Ulaby et al., 1996), which aligns well with the depth of
PS data used in this study and supports more direct com-
parisons. Another key consideration is the unit type. Unlike

most of the RS products (e.g., SMAP [soil moisture active
passive; Entekhabi et al., 2010] and SMOS [soil moisture
and ocean salinity; Kerr et al., 2010]), which are expressed
in VWC, the SSM product, and a few more (e.g., ASCAT
[Wagner et al., 2013]) provide values in relative saturation
units (0%—100%). Therefore, unit harmonization is necessary
to ensure compatibility with CRNS and PS datasets. This
involved applying transformation methods to convert satu-
ration into VWC, enabling consistent cross-dataset analysis.
For all sites in our study, the SSM dataset from 2016 to the
end of 2024 was used, selecting the pixel covering the central
location of the CRNS of each site.

2.2 | Statistical metrics and plausible
analysis

Two commonly used statistical metrics were used to quan-
tify agreement between datasets at each harmonization step:
the Pearson correlation coefficient (R) and the unbiased
root mean square deviation (ubRMSD). The R (Equation 1)
captures the strength and direction of the linear relation-
ship between datasets, highlighting how well they align
in terms of dynamic fluctuations. The ubRMSD (Equa-
tion 2), on the other hand, removes the effect of systematic
bias and isolates random discrepancies, making it particu-
larly suitable for assessing harmonization performance. In
the equations below, the terms X; and Y; correspond to
paired observations from the two datasets being compared.
The symbols X and Y represent the arithmetic means of
the X and Y datasets, while n denotes the total number of
observations in each dataset.

B (6= X) (1Y)

i=1 i

I (XL (- )

R

ubRMSD = %i[(xi—n)—(x—)?)]z ©)

Noteworthy, however, some harmonization options might
overfit the SWC products, that is, excessively adapt the
harmonization to the specific calibration dataset, leading
to improved apparent agreement but reduced robustness
and transferability across independent conditions and also
undermining their different nature. For this reason, better
performance should not necessarily be interpreted as better
results in the harmonizations. Therefore, in addition to the
statistical metrics, hydraulic soil properties have been used
to define the plausible range of SWC. This approach is con-
sistent with our definition of harmonization, as datasets are
more comparable when they are within physically meaningful
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intervals. Specifically, field capacity (FC) and wilting point
(WP) are considered. The change of proportion of SWC val-
ues that fell within this range (between WP and FC) before and
after applying a harmonization method, offering a plausibility
check for harmonized outputs, is calculated.

For consistency across sites, these thresholds have been
estimated by using global soil data and pedotransfer functions
(PTFs). Texture and bulk density (BD) data were obtained
from SoilGrids (https://soilgrids.org), which provides global
estimates of soil properties at a 250-m resolution (Poggio
etal.,2021). Although less precise than in-situ measurements,
SoilGrids enables harmonized and spatially continuous esti-
mations, making it particularly useful in data-scarce regions.
Data were retrieved for depths of 0-5, 5-15, and 15-30 cm,
then aggregated both laterally and vertically to align with the
respective sensor footprints and various depth ranges. PTFs
are empirical models that infer hard-to-measure soil hydraulic
parameters from more accessible characteristics such as soil
texture and organic matter (Wosten et al., 1999). In this study,
we used the euptfv2 model (https://ptfinterface.rissac.hu), an
updated European open-access tool that provides predictions
across diverse soil types (Szabd et al., 2021) while requiring
fewer input parameters than other alternative functions. For
consistency across sites, only the essential inputs were used:
depth, along with sand, silt, and clay percentages. However, it
is important to note that including additional parameters, such
as BD and organic carbon content, can enhance the accuracy
of the estimates (Szabé et al., 2021). The euptfv2 provides two
estimates of FC: FC, which corresponds to a matric poten-
tial of —330 cm, and FC2, which corresponds to —100 cm.
FC2 was used because initial assessments showed that FC
underestimated FC at our study sites, with most sensor data
falling outside expected ranges. This finding is supported by
Krueger and Ochsner (2024), underscoring that FC gener-
ally underestimates SWC, whereas FC2 yields a more reliable
approximation.

2.3 | Literature review and harmonization
framework

A comprehensive literature review was conducted, covering
60 peer-reviewed articles. These studies were selected using
targeted keyword searches such as “Harmonization + soil
moisture,” “Soil moisture + upscaling/downscaling,” “Soil
moisture + triple collocation,” and “Soil moisture + scaling.”
A significant insight from the performed literature review
was that most research have concentrated on lateral spatial
(area) harmonization (specifically upscaling/downscaling),
often embedded within data fusion processes, while other ele-
ments of harmonization, such as unit, temporal, and depth,
received limited attention. It was observed that the studies
can be categorized into five general classes (Figure 2), each
representing a specific philosophy or modeling strategy:

Presence of harmonization categories in the literature

40 68.3%

General statistical ~Spatial statistical Machine learning  Triple collocation ~ Process-based

Categories

FIGURE 2 Frequency of five harmonization categories in the
literature review: general statistical, spatial statistical, machine
learning, triple collocation, and process-based. Percentages indicate
each method’s presence share in the review.

2.3.1 | General statistical methods

These methods, which account for the highest presence with
41 studies (Figure 2), include straightforward approaches such
as ordinary least squares, ridge regression (Kang et al., 2018),
and arithmetic mean (also referred to as areal mean or aver-
age) (Heathman, Cosh, Han, et al., 2012). They assume linear
relationships, are computationally efficient, and work even
with minimal data (e.g., a single PS sensor). While useful
for quick, preliminary harmonization in data-scarce contexts,
they lack spatial modeling and cannot capture nonlinear SWC
dynamics, making them low in spatial sophistication.

2.3.2 | Spatial statistical methods

This group includes geostatistical tools like kriging and var-
iogram analysis (Webster & Oliver, 2008). These methods
explicitly model spatial dependence through variograms and
are ideal for estimating SWC across landscapes when a suffi-
ciently large number of observation locations to allow reliable
empirical estimation of the spatial variogram is available
(Tuncay, 2021; B. Xie et al., 2020, 2025; Zheng et al., 2009).
They maintain natural spatial structure and are especially use-
ful for interpolation within homogeneous zones. However,
these models generally rely on an assumption of stationarity,
although in practice this assumption is often relaxed through
the use of localized search neighborhoods that reduce the
influence of non-stationarity.

2.3.3 | ML approaches

ML methods like random forest (RF) (Y. Zhang et al.,
2023), k-nearest neighbors (Y. Liu et al., 2017; Seo et al,,
2021), neural networks (Seo et al., 2021), and support vector
machines (Yan & Bai, 2020) are data-driven and can cap-
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ture nonlinear interactions and complex spatial patterns in
SWC. They require substantial training data and multiple PS
sensors, but their “black box™ nature limits interpretability.
While moderately spatially aware, they are computation-
ally demanding and may overlap with data fusion when
overfit.

2.3.4 | TC techniques

TC is a statistical technique used to estimate the random errors
of three independent measurement systems without requiring
a known “truth” reference (Gruber et al., 2013). Originally
introduced in wind scatterometry studies (Stoffelen, 1998),
TC has gained traction in SWC harmonization for assessing
the reliability of different datasets, for example, Chen et al
(2018), Duygu and Akyiirek (2019), Gruber et al. (2013),
Peng, Tanguy et al. (2021). The core TC equation estimates
the error variance of each dataset (o) based on the covari-
ances among them. In its standard form, it calculates the error
variance of one dataset (say, A) as:

cov(A,B)-cov(A4,C)

02A = var (A) — cov (B.C) 3

where A, B, and C are the three datasets. It is easy to
implement (even with one PS sensor), preserves dataset char-
acteristics, and provides objective quality estimates. However,
its assumptions (linearity, stationarity, and no correlated
errors) may not always hold, so TC is best for diagnos-
ing dataset quality rather than achieving full harmonization,
which often requires additional statistical matching.

2.3.5 | Process-based models
Process-based models representing the smallest presence,
with nine studies (Figure 2), such as HYDRUS-1D (Rivera
Villarreyes et al., 2014) and JULES (Iwema et al., 2017;
Peng, Tanguy, et al., 2021), simulate the movement and
retention of water in soil using hydrological equations like
Richards’ equation (Richards, 1931). These models provide
a detailed and interpretable picture of SWC dynamics that
could be used as reference for harmonizing SWC observa-
tions. However, these models require extensive inputs, such as
soil texture, boundary conditions, and meteorological forcing,
and are sensitive to parameter uncertainty. Thus, their value
lies in high-resolution simulation, though their complexity
and reliance on input assumptions limit their applicability for
harmonizing multiple, independent SWC products within the
framework considered in this study.

Based on the review, harmonization was structured into
four components of increasing complexity: unit, temporal,
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FIGURE 3 Workflow of the harmonization process for remote
sensing (RS), cosmic-ray neutron sensing (CRNS), and point-scale (PS)
soil water content (SWC) time series. The process includes four main
steps: unit conversion, temporal matching, depth adjustment, and lateral
spatial harmonization, each with two or more method options. The final
outputs are harmonized time series across all sensor types. TC, triple
collocation.

vertical (depth), and lateral spatial. To facilitate a compara-
tive analysis, the two most used methods were selected for
each of the first three components (Figure 3). Given its greater
complexity and prevalence in the literature, lateral spatial har-
monization required a broader set of approaches. For this
component, a single representative method was chosen from
each category outlined in Figure 2. However, process-based
models were excluded since these models produce entirely
synthetic time series, rather than the three distinct outputs
from PS, CRNS, and RS (Figure 3). Four principles guide the
selection of harmonization methods:

1. Minimizing reliance on field measurements, ensuring
applicability in regions where in situ data collection is
challenging.

2. Avoiding synthetic data generation, as the study aims to
work with real observations rather than model-generated
estimates.

3. Preserving the intrinsic nature of each dataset, prevent-
ing excessive transformation that would artificially align
datasets rather than make them more comparable.

4. Avoiding data fusion, maintaining harmonization as a
distinct preprocessing step.
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The chosen methods and their implementation are
described in the subsequent sections.

Before applying harmonization methods, a QC step was
performed on all three datasets to remove obvious outliers that
could distort later analyses, particularly those relying on min-
imum and maximum values (e.g., in unit harmonization). For
PS and CRNS data, values exceeding 0.6 m3/m3, following
the guidelines proposed by W. A. Dorigo et al. (2013), or equal
to zero, were excluded. For the RS product, the same filtering
was applied after converting saturation values to VWC. This
simple yet necessary step ensured that physically unrealistic
values did not affect threshold-based or statistical calculations
while remaining within the scope of a minimal preprocessing
workflow.

2.4 | Unit harmonization

In this study, SWC from PS and CRNS is expressed in VWC,
while the RS product is expressed in relative saturation. To
enable intercomparison and harmonization across datasets, a
unit transformation of the RS product into VWC was required.
Two widely used families of methods have been identified in
the literature:

1. Soil physics-based scaling methods, for example, van
Genuchten (1980), which convert saturation into VWC
using soil physical limits between a minimum water con-
tent 6,,,;, and a maximum water content 8,,,, (Equation 3).
In most formulations, saturation is assumed to reach poros-
ity (¢) under fully saturated conditions, while the residual
water content defines the lower bound (van Genuchten,
1980). Alternative definitions exist, for example, WP or
the minimum of a ground-based time series as 6, (Qiu
et al., 2024; Schmidt et al., 2024).

2. Statistical bias-correction methods (Reichle & Koster,
2004), which adjust the RS distribution to match ground
data. These include mean-variance matching (Bauer-
Marschallinger et al., 2019; Massari et al., 2015), linear
regression, and cumulative distribution function (CDF)
matching (Crow et al., 2012; Massari et al., 2015). Such
methods do not require soil input data, but they alter both
the mean and variance of RS data, potentially reducing the
preservation of natural RS dynamics. Longer ground data
records improve the robustness of the estimated statistical
parameters.

To represent both families, one method was selected from
each group (Table 2):

1. Total water storage capacity scaling (Equation 4), where
¢ was derived from BD using SoilGrid’s data and Equa-
tion (5) (Saxton & Rawls, 2006). The 6,;, was considered
as the residual water content (extracted from PTFs) or,

if lower, the lowest hourly ground observation, while
the maximum was set either to porosity or, if higher,
to the maximum ground observation to ensure physical
plausibility. Re-emphasizing the necessity of QC; with-
out it, the min and max values are often dominated by
outliers.

SWC =S - (01nax = Omin) + Ormin 4)
BD

=1-== 5

¢ 2.65 ©)

Here, 2.65 g/cm® represents the average particle density
of mineral soils (Saxton & Rawls, 2006). This method is
physically interpretable and preserves the RS product’s nat-
ural variability but is sensitive to uncertainties in BD and ¢
maps, which are often coarse (Minasny & McBratney, 2016).
A longer time series of ground data improves the reliability of
the extrema used in this approach.

2. Variance matching, which rescales RS values to align with
the mean (u) and standard deviation (o) of the ground
dataset:

(e}
SWC=ug+<—g>-(S—uRs) ©®)
ORs

where p, and o, are the mean and standard deviation of
the ground data (PS or CRNS), and ugg and org are the
corresponding values from the RS dataset. This approach is
broadly applicable but modifies the original RS variability
and reduces physical interpretability.

Each method was applied twice, once using PS and once
using CRNS as the reference dataset, resulting in four har-
monized RS versions. These harmonized products were then
evaluated against the remaining ground-based dataset using
statistical metrics enabling both cross-method and cross-
reference analysis. For plausibility testing within FC and WP,
a depth of 0-5 cm was assumed for the RS product’s ini-
tial depth assumption. To ensure consistency, the PS sensor
located nearest to each CRNS station was selected for this
step’s analysis.

2.5 | Temporal resolution harmonization

In this study, PS and CRNS sensors provide sub-daily (hourly)
data, while the RS product offers daily estimates. This mis-
match in temporal resolution requires careful alignment to
ensure meaningful comparisons and analysis, especially con-
sidering that, although the RS product is provided daily,
most satellite missions, such as SMAP (Entekhabi et al.,
2010), have revisit cycles of several days, depending on
orbit geometry and regional coverage. In general, three main
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TABLE 2 A summary of the qualitative differences between the two unit conversion methods.
Preservation of
Method Scaling Bias removal RS dynamics Strengths Weaknesses
Total water capacity Yes (within soil Partial (implicit via High Physically meaningful, Dependent on soil inputs;

conversion range) scaling)

Mean-variance Yes (statistical) Yes (explicit mean

Moderate to low  Statistically aligned with

retains original signal coarse BD/¢ data may limit
accuracy

Alters RS variance and

matching correction) ground data mean; reduced physical
interpretability
Abbreviations: BD, bulk density; RS, remote sensing.
TABLE 3 A summary of the qualitative differences between the two temporal harmonization methods.
Data use Synthetic Preservation of

Method efficiency data dynamics Suitability Weaknesses

Daily averaging of High No Moderate Climate studies, long-term  Smooths out short-term

hourly data monitoring variations, especially events

Satellite overpass hour  Low No High (specific Sensor-to-sensor Ignores full daily cycle, reduced

selection timestamps) alignment, validation use statistical power

strategies have been identified in the literature for temporal
harmonization:

1. Aggregation of high-frequency data to match the lower-
frequency product (Wang et al., 2021).

2. Selective sampling of hourly data based on satellite
overpass times (Bauer-Marschallinger et al., 2019).

3. Disaggregation of daily or multi-day RS data to higher-
frequency time steps using interpolation or modeling
techniques (Fang et al., 2018).

The first approach, aggregation, is straightforward and
retains all original ground observations, smoothing them into
a single representative daily value. This is useful for appli-
cations like water balance studies (Pauwels et al., 2001)
or trend analysis (W. Dorigo et al., 2012), where sub-daily
variability is less critical. The second approach focuses on
temporal alignment by extracting ground data from the same
hours as the satellite passes. While this enables strict point-
to-point comparison, it sacrifices information from the rest
of the day and may miss important diurnal soil moisture
changes. The third approach, disaggregation, introduces syn-
thetic values and contradicts the key assumption stated in the
introduction, namely, that harmonization should not rely on
artificial data generation. Furthermore, temporal downscal-
ing, without detailed meteorological inputs like precipitation
or irrigation, would add another layer of uncertainty. For these
reasons, this approach was excluded from our analysis. There-
fore, two temporal harmonization methods were selected for
implementation (Table 3):

1. Daily averaging of PS and CRNS hourly data to match the
RS time step.

2. Selection of PS and CRNS hourly values corresponding to
Sentinel-1 overpass times: 05:00 and 17:00 UTC for Italian
sites and Nucice, and 06:00 and 18:00 UTC for UK sites.

For statistical evaluation, each harmonized ground dataset
(using the two temporal approaches) was compared with
the RS product that had been previously converted to VWC
using the alternate ground source. FC and WP specific to
PS (0-5 cm) and CRNS (0-30 cm), based on a prelimi-
nary consideration of their depth range, were used to enable
plausible analysis for the temporal component. Since one
PS from each site was needed for analysis of this step, the
sensor closest to the CRNS was chosen. SWC is typically
slow changing over short periods due to its “memory” (Rah-
mati et al., 2024), a lag in response to external forcing like
rainfall or evapotranspiration. Literature suggests this mem-
ory can persist for several months in deeper soil layers or
integrated SWC states, whereas memory in surface soil lay-
ers is typically much shorter (D. Liu et al., 2014; Rahmati
et al., 2024; Shinoda & Nandintsetseg, 2011), which supports
daily analysis for many hydrological applications. However,
short-term processes such as irrigation or heavy rainfall may
produce rapid fluctuations better captured at the hourly scale
(Baroni & Oswald, 2015). Selecting the appropriate time res-
olution depends on the trade-off between capturing dynamic
variability and ensuring dataset consistency.

2.6 | Soil depth harmonization

SWC varies not only across space and time but also with
depth. This vertical heterogeneity arises from complex inter-
actions between soil structure, water infiltration, evaporation,
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Weaknesses

TABLE 4 A summary of the qualitative differences between the two depth harmonization approaches.
Synthetic
Method Adjustment type output Data needed Strengths
No adjustment None No None Preserves original data;

Weighted averaging or Physically and
exponential filter empirically based

Abbreviations: CRNS, cosmic-ray neutron sensing; RS, remote sensing.

and root water uptake (Delval et al., 2025; Kuhlmann
et al., 2012). In SWC measurement, each sensing technique
observes water content at different vertical ranges. RS typi-
cally captures the top few centimeters (Entekhabi et al., 2010),
and PS sensors are often installed at specific depths, while
CRNS integrates moisture over a deeper and broader vertical
domain. This creates a scale mismatch in the depth dimension,
making direct comparisons between datasets challenging, par-
ticularly between RS/CRNS and PS/CRNS pairs. Although
the average penetration depth of CRNS is often reported as
spanning from 10 to 50 cm, studies show that its sensitiv-
ity is highest near the surface and decreases exponentially
with depth (Franz et al., 2012; Kohli et al., 2015; Zreda
et al., 2008). This means that the topsoil contributes most sig-
nificantly to the CRNS signal, justifying a certain level of
comparability with RS and shallow PS sensors, as done by
(Colliander et al., 2017). However, for a more accurate and
physically grounded harmonization, especially when datasets
differ in vertical sensitivity or sampling depth, dedicated
methods are required.

In the conducted literature review, the following methods
have been identified:

1. The exponential filter introduced by Wagner et al. (1999),
and the recursive form of that (Albergel et al., 2008)
emerged as the most used methods for RS vertical
adjustment.

2. Statistical matching (Reichle & Koster, 2004; N. Zhang,
Quiring, et al., 2017).

3. ML methods (J. Li & Zhang, 2021).

4. Process-based modeling (e.g., HYDRUS-1D [Rivera Vil-
larreyes et al., 2014; Scheiffele et al., 2025]).

Most of these alternatives either rely on extensive auxiliary
data (e.g., hydraulic parameters and meteorological inputs) or
generate synthetic time series that conflict with the goal of
preserving the intrinsic characteristics of the original datasets.
Additionally, applying such methods in the vertical dimension
may introduce compounded effects when followed by further
transformations in the lateral spatial harmonization step. In
this study, two harmonization strategies were employed to
address vertical scale mismatches (Table 4):

Partially (RS) PS weights,
optimized T

Ignores physical vertical
simple; reflects practical use mismatch; less precise

More realistic vertical Requires tuning; weights
representation; flexible for ~ depend on soil/vegetation
CRNS alignment inputs

1. No adjustment (direct comparison): In this approach, RS,
PS, and CRNS datasets are directly compared without
modifying their depth of representation. This decision
is supported by two key arguments. First, RS and PS
(the shallowest depth, mainly 5 cm) sensors in this study
both focus on near-surface soil (around 0-5 cm), while
CRNS, though deeper in theory, is more sensitive to
upper layers, especially under wet conditions. Second, for
many practical applications, including drought monitor-
ing and irrigation scheduling, root-zone SWC is often
most relevant, while near-surface SWC remains impor-
tant for surface-oriented processes and rapid hydrological
responses (Entekhabi et al., 1996; Seneviratne et al., 2010).
Moreover, avoiding transformation prevents the introduc-
tion of touched time series and preserves the intrinsic
variability of each dataset. Nonetheless, this approach sim-
plifies the vertical structure of the soil and may not fully
reflect the physical differences among sensor types.

2. Weighted averaging and exponential filtering: This
method attempts a more physically meaningful align-
ment by adjusting PS and RS datasets to approximate the
undefined depth sensitivity of CRNS.

(a) PS adjustment via weighted averaging: When multi-
ple PS sensors were available at different depths, a weighted
depth-averaged SWC value was computed, with the revised
depth weighting scheme designed to approximate the SWC
signal sensed by CRNS (Schron et al., 2017). This formula-
tion (Equation 7) provides improved estimates compared to
earlier linear weighting schemes, such as Franz et al. (2012),
by accounting for neutron physics and environmental fac-
tors. The weights were obtained using the authors’ publicly
available Excel tool, with site-specific parameters.

W, (r. SWC.p, H,o) = e /P @)

In Equation (7), W, represents the vertical weighting func-
tion applied to PS measurements at the depth d, accounting
for the CRNS sensitivity profile. The effective penetration
D (Kohli et al., 2015) depends on the horizontal distance
from the sensor r, SWC itself, air pressure p, and vege-
tation height H,.,. This formulation captures the physics
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of neutron attenuation and allows deeper measurements to
be weighted appropriately when comparing with CRNS
observations.

(b) RS adjustment via exponential filter: To align RS
observations with the broader CRNS depth sensitivity, an
exponential filter was applied as described by Wagner et al.
(1999). The filter smooths the RS time series while simulating
moisture propagation to deeper layers:

Oy () =0, G=D+K. (0 )=, ¢=1)) ()

where 6;;;, (7) is the filtered RS at time ¢, 6 (¢) is the origi-
nal RS observation, K = HLT, and T is the characteristic time
length. The T values tested ranged from 1 to 30. The opti-
mal value for each site was selected based on R and ubRMSD
between the filtered RS signal and the PS/CRNS datasets.
This method adjusts RS data without producing fully syn-
thetic series, preserving the core behavior of the RS product
while approximating deeper dynamics. However, it introduces
two key limitations: first, there is a risk of overfitting, as
optimizing 7 may inadvertently fit site-specific noise rather
than true vertical response, especially when data records are
short or noisy; and second, the filter reduces high-frequency
variability, potentially obscuring rapid moisture changes due
to rainfall or irrigation. Additionally, because the method
does not use explicit soil physical properties, it remains an
empirical approximation of vertical behavior.

Statistical metrics were computed using CRNS as the ref-
erence, since its values remained unchanged. The same depth
ranges used for unit and temporal harmonization across the
three sensors were applied in the plausible analysis (using FC
and WP), and also the single PS chosen for each site was the
nearest to the CRNS.

2.7 | Harmonization of lateral spatial
variability

When examining the issue of harmonizing datasets with dif-
ferent spatial footprints, two general methodological schools
of thought can be identified. The first involves statistical and
geostatistical models, which reconcile differences through
mathematical relationships. Geostatistical models offer a
more meaningful alternative to simple statistical techniques
because they incorporate spatial structure and variability into
the analysis. The second approach is more conceptual or phys-
ically informed. It attempts to explain and quantify SWC
variability by considering environmental drivers like vegeta-
tion, soil type, topography, and land use (Brocca et al., 2010;
Emamalizadeh et al., 2024; Gibon et al., 2024; Vereecken
et al.,, 2008). Although this approach aligns closely with
the physical processes behind SWC dynamics, it lacks stan-
dardized indices and widely adopted formulas, limiting its

current use in harmonization workflows. While we acknowl-
edge the value of these physically informed methods, their
implementation requires site-specific knowledge and detailed
environmental data. As such, dedicated research studies on
that topic are needed. This study, therefore, focuses on the first
approach, methods grounded in statistical and spatial statisti-
cal techniques, because they are currently more accessible and
broadly used in the literature.

The areal average was selected from general statistical
methods due to its simplicity and common use in the liter-
ature, as seen in studies from our review (Heathman, Cosh,
Merwade, et al., 2012; Jacobs et al., 2004; Robinson et al.,
2008). Based on the concept of temporal stability (Vachaud
et al., 1985), several studies, such as Albergel et al. (2012),
Broccaetal. (2010), and Gruber et al. (2013), have shown that
PS measurements may, under certain conditions, represent
coarser-scale averages like those from CRNS or RS. In this
method, CRNS and RS are not used as inputs, and only PS val-
ues are averaged across the relevant area. More representative
results would be achieved when multiple PS sensors are spa-
tially distributed within the CRNS footprint or RS pixel. For
all lateral spatial categories, the plausibility-based analysis
described in Section 2.2 was conducted using a common 0- to
30-cm soil depth range across all sensors. This choice reflects
the outcome of the preceding vertical harmonization step, in
which the resulting SWC time series represent an integrated
soil layer rather than a specific measurement depth. The
plausibility analysis evaluated harmonization performance by
quantifying changes (4) in the number of observations falling
within predefined SWC thresholds (i.e., FC and WP) before
and after applying each harmonization method. Addition-
ally, statistical performance metrics were computed based
on the sensor time series that were modified by each lat-
eral harmonization approach. Depending on the method, some
datasets may remain unchanged. For example, in areal averag-
ing approaches, PS observations are aggregated and serve as
the benchmark, while changes are assessed for CRNS and RS
products relative to the PS-derived reference.

For spatial statistical methods, ordinary kriging was used
because it is simple, widely used, and makes use of the spa-
tial pattern of the data without needing extra predictors. It
gives reliable estimates when there are enough sensors, but
it needs a good number and spread of points to work well
(Wackernagel, 2003). Since most of our sites do not meet
a sufficiently large number of spatially distributed observa-
tion points for reliable variogram estimation, we applied this
method only at Bondeno (eight sensors) and Marquadt (30
sensors). At the Bondeno site and, to a lesser extent, the
Marquardt site, the limited number of observation points still
restricts robust variogram estimation. As a result, kriging-
based harmonization at these sites should be interpreted
cautiously and primarily as an exploratory comparison rather
than a definitive spatial interpolation. For these two sites,
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TABLE 5
Example Statistical or  Spatial
Category methods physical awareness
General Statistics OLS, Ridge Statistical Low

Regression, and

Arithmetic Mean
Spatial Statistics Kriging,

Variogram

Statistical High

analysis

Machine learning RF, kNN, SVM,  Statistical Medium
NN
Triple collocation Standard TC, Statistical Low
(TC) Extended TC
(Yuan et al.,
2020)
Process-Based HYDRUS-1D, Physical Medium to
Models JULES high

Overview of lateral spatial harmonization methods with key features, strengths, and limitations to support method selection.

PS sensors Ease of
needed implementation Strengths Limitations
1 or more Easy Simple, fast, low Assumes
data needs linearity, limited
spatial adaptation
Several Moderate Honors spatial ~ Needs a dense PS
autocorrelation, network, sensitive
well-suited for  to spatial
mapping assumptions
Several Moderate to Captures Data-hungry,
difficult nonlinearity, opaque, may shift
handles large SWC patterns
variability
1 or more Moderate Error Requires 3
decomposition datasets,
without a dependent on
reference assumption
validity
Not needed Difficult Physically Data-intensive,

meaningful, rich parameter

simulation uncertainty, and
capability computational
cost

Abbreviations: kNN, k-Nearest Neighbors; NN, neural networks; OLS, ordinary least squares; PS, point-scale; SVM, support vector machines; SWC, soil water content.

ordinary kriging was used to estimate SWC within the CRNS
and RS footprints based on the PS sensors located inside each
footprint. The variogram model used for ordinary kriging was
spherical. Consistent with previous studies on SWC from PS,
the empirical variograms exhibited strong nugget effects and
short correlation ranges, reflecting pronounced small-scale
variability and measurement noise.

Considering ML techniques, RF was chosen due to its sim-
plicity, reduced risk of overfitting compared to other ML
models, and widespread use in the literature (Belgiu & Drigu,
2016; Breiman, 2001). It was applied for both upscaling
and downscaling around the CRNS footprint. For upscal-
ing, PS sensors located within the CRNS footprint were
first aggregated using distance-based weighting to derive a
representative PS-based SWC estimate at the CRNS scale.
This aggregated PS estimate was then used within the RF
framework to model the relationship between PS-derived and
CRNS-scale SWC, rather than applying RF directly to indi-
vidual PS measurements. For downscaling, RS data served as
the main predictor, with PS sensors inside the RS pixel used as
the other predictors, also weighted by distance. RF’s ability to
model nonlinear relationships (Table 5) and its robustness to
multicollinearity make it suitable for this task, though it still
requires a reasonably dense PS network and does not directly
account for physical processes.

For TC-related approaches, as explained before, after iden-
tifying the lowest error dataset using TC, harmonization can

proceed using simpler methods like mean-variance match-
ing (Equation 6), as done in our study. This method adjusted
other datasets to match the reference dataset’s (lowest vari-
ance error) mean and standard deviation. It was opted against
more complex transformations, such as CDF matching (L.
Zhu et al., 2023), to preserve the original distribution shape
and avoid overfitting.

3 | RESULTS AND DISCUSSION

3.1 | Unit harmonization

Regarding performance metrics, the mean R for six sites
remained consistent across both methods, which is expected
given that both approaches incorporate scaling in their for-
mulations. However, the ubRMSD showed slight differences.
When using CRNS and PS as reference sensors, Method 1
(total water capacity conversion) exhibited delta ubRMSD
(difference of ubRMSD before and after applying harmoniza-
tion methods) values of —0.12 and —0.14, respectively, while
Method 2 (mean-variance matching) showed slightly higher
delta values of —0.16 and —0.18. This marginal increase in
delta ubRMSD for Method 2 is linked to its statistical shifting
mechanism, which improves the overall closeness of dataset
means.
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Unit Conversion of RS - Euston site
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FIGURE 4 Unit conversion of remote sensing (RS) time series (gray line) at the Euston site using two methods: Total water capacity

conversion (top row) and mean-variance matching (bottom row) with cosmic-ray neutron sensing (CRNS) (left column) and point-scale (PS) (right

column) as reference datasets. Dashed lines indicate field capacity (FC) (blue) and wilting point (WP) (red); percentage values show the proportion

of RS data falling within this range after conversion at the Euston site. SWC, soil water content.

The percentage change in RS points falling between the WP
and FC thresholds of the RS 0-5 cm layer, before and after unit
harmonization, was also evaluated. Method 1 demonstrated
a moderately higher percentage, with 37% and 36% of RS
points falling within the thresholds considering CRNS and PS
as ground sensors, respectively. In contrast, Method 2 yielded
lower plausibility results of 35% and 29%. This reduced per-
formance in Method 2 is attributed to its high scaling of the
RS time series, which diminishes the inherent variability of
the RS data, often causing a significant portion of points to
fall below the WP, as illustrated in Figure 4 for the Euston
site as an example.

Considering these quantitative and qualitative (Table 2)
observations, Method 1 is preferred for unit harmonization,
and the RS data converted using Method 1 with CRNS data
will serve as the input for the next harmonization step.

3.2 | Harmonization for temporal resolution

Across six sites, performance metrics showed no significant
differences between the two methods. As an example, the
results for the Euston site are presented in Figure 5. The
change in plausibility check of ground values within their
WP-FC ranges using Method 1 (satellite overpass hour selec-
tion) was nearly 0% for CRNS and 16% for PS. Using Method
2 (daily average of hourly values), the results were similar,
almost 0% for CRNS and 16% for PS. The findings suggest
that the method used to select the SWC data, either from a

specific satellite overpass time or as a daily average, has a
negligible impact on the overall results. To be clarified fur-
ther, both preserve the key statistical properties of ground data
equally well. This is because SWC typically changes slowly
over short periods due to its “memory,” a lagged response
to external factors like rainfall or evapotranspiration. This
stability is a key finding, as it validates the use of a single
daily measurement for certain applications, simplifying data
collection and analysis. SWC’s slow response is also influ-
enced by soil type, with finer textured soils like clay having
a higher water-holding capacity and thus a longer “memory”
than sandy soils. This means that a single day’s worth of data
from a given location, whether represented by an average or
a specific time of day, will likely have a similar overall value.
This similarity allows users to choose either approach based
on their particular application (Table 3). This consistency
is particularly valuable for large-scale studies where collect-
ing a single daily snapshot is more practical than continuous
monitoring, providing flexibility in data acquisition without
sacrificing accuracy. In this study, to account for the full diur-
nal variability, Method 2 was selected, which will serve as
input for the next harmonization steps.

3.3 | Depth harmonization

On average across the seven sites, while PS metrics remained
essentially unchanged, RS showed a notable improvement,
with AR = 0.15 and AubRMSD = —0.03, confirming that
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Temporal Conversion of CRNS and PS - Euston site
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Temporal conversion of cosmic-ray neutron sensing (CRNS) (left column, gray line) and point-scale (PS) (right column, gray line)

soil water content (SWC) at the Euston site using two methods: selective hours corresponding to satellite overpass times (top row) and daily averages

of all hourly values (bottom row). Both methods show similar percentages of values within the range between wilting point (WP) (red dashed line)

and field capacity (FC) (blue dashed line), with minimal impact on the temporal structure of the data.

the filtered RS series better captures the temporal patterns
observed in the CRNS data. The change in the plausibility
of values within the WP-FC range after applying depth har-
monization was negligible for PS (x0%) and around 12%
for RS. Two algorithms were used for the second method:
a weighted average for PS and an exponential filter for RS.
The choice of these algorithms reflects the different nature of
the measurements: PS data, already relatively stable and local,
benefit from a simple weighting across depths, while RS data,
which often contain high-frequency variability unrelated to
soil processes, require stronger temporal smoothing.

As shown in Figure 6 (Euston example), the exponential
filter effectively reduces spurious short-term fluctuations in
the RS time series, improving its alignment with ground-
based measurements. This harmonization step is particularly
important for C-band SAR SWC data, which are generally
more prone to noise than L-band products due to their shal-
low sensing depth and sensitivity to surface roughness and
vegetation.

The qualitative comparison (Table 4) also highlights key
advantages of Method 2 over Method 1 (no adjustment). By
harmonizing RS, PS, and CRNS to a consistent effective depth
(arange rather than a single value), Method 2 provides a more
physically meaningful basis for cross-comparison and sub-
sequent integration. This ensures that the three observation
types can be treated on equal footing, reducing depth-related
biases in later analyses. The approach relies on a site-specific
characteristic time length (7), with an average of approxi-

mately 6 days across all sites. This parameter reflects the
typical SWC “memory,” that is, the time required for the soil
profile to equilibrate after a rainfall or drying event and is
therefore critical for aligning RS with the dynamics captured
by CRNS sensor.

Figure 7 further illustrates how performance metrics vary
with different T values at the Euston site as an example, show-
ing that overly short T values under-smooth the RS signal,
while excessively long T values risk removing meaningful
variability. This sensitivity analysis demonstrates that cali-
brating the filter strength on a site-specific basis can improve
performance under heterogeneous conditions, although previ-
ous studies have shown that a single characteristic time length
may be sufficient for some applications (Albergel et al., 2008;
Ford et al., 2014). For these reasons, Method 2 is preferred,
as it balances physical realism with statistical performance,
and its output will be used in the next spatial harmonization
step.

3.4 | Lateral spatial harmonization

Using the areal mean from the general statistical category, sta-
tistical analysis revealed that the mean ubRMSD of seven sites
decreased by —0.03 for CRNS and —0.07 for RS, indicating
reduced divergence between the harmonized estimates and
reference data. Additionally, the mean R increased substan-
tially, by 0.48 for RS and 0.17 for CRNS, suggesting stronger
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Depth Adjustment for PS and RS - Euston site
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FIGURE 6 Depth adjustment of point-scale (PS) and remote sensing (RS) at the Euston site. The top panel shows the original time series

before harmonization. The bottom panel illustrates the effect of applying a weighted average to PS and an exponential filter to RS with a site-specific

time length of 7'= 3 days. CRNS, cosmic-ray neutron sensing; SWC, soil water content.
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FIGURE 7 Effect of T on R (left column) and unbiased root mean square deviation (ubRMSD) (right column) between filtered remote sensing

(RS) and ground observations (cosmic-ray neutron sensing [CRNS] and weighted point-scale [PS]) at the Euston site. Optimal performance is

observed around 7 = 3 days, with higher T values leading to reduced correlation and increased ubRMSD. SWC, soil water content.

agreement post-harmonization. However, this improvement
primarily stems from both CRNS and RS estimates now being
derived from PS values, effectively replacing their original
signals rather than reconciling them.

The plausibility variation before and after spatial harmo-
nization, calculated using the areal mean of PS sensors’ data
to estimate SWC within CRNS and RS footprints, showed

notable differences between the two methods. On average, the
areal mean method led to an approximately —6% change in
the number of CRNS observations falling within the defined
plausibility thresholds, while the impact on RS observations
was negligible (close to zero). Although this approach is
theoretically feasible even with a single PS sensor, its perfor-
mance varied significantly across study sites. Most locations

85U8017 SUOWWOD BAIERID 3(dedlidde ayy Aq peusenob afe sajoie YO ‘8sn JOss|n. 1o} Afelq8Ul|UO /8|1 UO (SUONIPUO-PUE-SWBIAO00" A8 1M Ae1q | Ul |Uo//Scy) SUONIPUOD Pue SWLB | 8L 88S *[9202/20/82] Uo Ariqiauliuo 48| ‘ABojoipAH 78 ABo|0o3T Jo4 8ued SN Aq £ZT0L 2[2//200T 0T/10p/w0o A8 |1nAReIq Ul |Uo'Ssesde//sdny wo.y papeojumod ‘Y ‘9202 ‘99T6EST



EMAMALIZADEH ET AL.

General Statistical - Areal Mean of PS within footprints at Euston site
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FIGURE 8 Lateral spatial harmonization at the Euston site using the areal mean of point-scale (PS) sensors within cosmic-ray neutron sensing

(CRNS) and remote sensing (RS) footprints. The top panel shows the original time series before harmonization, while the bottom panel presents

newly produced CRNS and RS estimates derived from PS areal averages. SWC, soil water content.

exhibited strongly negative percentage changes, likely due to
spatial heterogeneity or discrepancies in scale representation.
However, the Marquadt site, which features a denser PS
network, counterbalanced these effects (e.g., 80% increase
of plausibility check for RS), resulting in a more stable
overall outcome. This underscores the importance of a well-
distributed and sufficiently dense PS network to improve the
reliability of spatial harmonization.

As shown in Figure 8 for the Euston site example, this
harmonization approach does not directly use the original
RS or CRNS time series as inputs. Instead, PS observations
are used to generate two separate SWC time series: one rep-
resenting the CRNS footprint and one representing the RS
footprint. Because both series are derived from the same
underlying PS measurements, the resulting harmonized time
series closely match each other. While this demonstrates that
the method enforces consistency, it also means that unique
scale-dependent information from CRNS and RS is lost, as
the harmonized output predominantly reflects the PS-based
areal mean. This trade-off highlights a key limitation: the
approach prioritizes uniformity over preserving the distinct
characteristics of each sensor’s native measurements.

Using the second lateral spatial harmonization approach,
a geostatistical approach was implemented by applying ordi-
nary kriging to the PS network to estimate mean SWC values
representative of the CRNS and RS footprints. Due to its
reliance on a sufficiently dense and spatially distributed set
of PS sensors, only two of the seven study sites (Bon-
deno and Marquadt) met the minimum requirements for this

method. At these sites, the improvements were substantial:
performance metrics also confirmed the increases, with cor-
relation R enlarged by 0.43 for CRNS and 0.44 for RS,
alongside reductions in ubRMSD of —0.04 and —0.05, respec-
tively. The proportion of values within the WP-FC thresholds
increased by 16% for CRNS and 30% for RS. These gains
are considerably higher than those obtained with simpler sta-
tistical approaches, underscoring the advantage of explicitly
modeling spatial variability.

However, as illustrated in Figure 9 for the Bondeno site,
the method is not without limitations. Because kriging pre-
dictions are based solely on PS observations, the resulting
synthetic CRNS and RS series closely mirror PS dynamics,
reducing the distinctiveness of each sensor type. In addition,
the relatively short PS time series at these sites constrained the
temporal overlap with CRNS and RS, leading to a reduction in
data availability after harmonization. These factors highlight
the importance of both sensor density and record length when
applying kriging for harmonization purposes.

The quantitative improvements observed suggest that krig-
ing can be an effective harmonization tool under suitable
conditions. It preserves spatial structure reasonably well
and provides statistically grounded estimates, which may be
useful for applications like irrigation planning or localized
hydrological modeling. However, its performance depends
heavily on the density and distribution of PS sensor data.
Expanding PS networks, particularly in areas with high soil or
land cover variability, could improve the method’s reliability
across more diverse sites.
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Spatial Statistical - Kriging of PS sensors at Bondeno site
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Soil water content (SWC) time series at the Bondeno site before (top) and after (bottom) spatial harmonization using ordinary

kriging of point-scale (PS) data to estimate mean values within cosmic-ray neutron sensing (CRNS) and remote sensing (RS) footprints.

RF, a widely used ML method, was implemented to address
the lateral spatial harmonization challenge by upscaling PS
data and downscaling RS data to the intermediate CRNS
footprint. For upscaling, PS measurements within the CRNS
radius were used as inputs, with their contribution weighted
according to distance from the CRNS sensor. This allowed
the model to account for local heterogeneity while producing
a synthetic estimate at the CRNS scale. For downscaling, RS
values were employed as the primary predictor, supported by
in situ PS as the other predictors. In both cases, the model
was trained against observed CRNS SWC, thereby aligning
the predictions to the CRNS footprint.

Statistical metrics showed notable improvements:
ubRMSD decreased by —0.03 for PS and —0.08 for RS,
while R increased substantially, by 0.19 for PS and 0.54 for
RS. These values indicate that RF was particularly effective
in reducing random discrepancies and improving dynamic
agreement, especially for RS, which originally exhibited the
weakest alignment with CRNS. The performance evaluation
revealed that the mean difference between original and
RF-modeled CRNS SWC was negative (—3% using PS and
—10% using RS), both within the CRNS thresholds. To be
explained more, most sites showed a slightly positive change
in the plausibility check; however, the Italian sites, with
markedly negative percentage changes (around —30% for
Bondeno and —45% for Imola), pulled the overall average
into negative values.

However, visual inspection of the harmonized series
(Figure 10) revealed that the modeled CRNS closely tracks
the original CRNS time series, often reproducing its dynamics

with minimal deviation. While this suggests high predictive
skill, it also raises concerns of overfitting. In practice, RF may
have captured site-specific patterns too precisely, limiting the
method’s generalizability across sites or periods. This blurs
the line between harmonization and data fusion: rather than
preserving the independent characteristics of PS and RS, RF
effectively forces them into the CRNS signal domain.

In the final method, in which the sensor with the lowest
error variance is first identified through TC and the remain-
ing datasets are subsequently scaled to match its mean and
variance, distinct impacts across the three sensor types were
observed.

As theoretically expected, the R remained unaffected by
this rescaling procedure, since the method does not alter tem-
poral co-variability. However, improvements were visible in
terms of error metrics: the ubRMSD decreased by —0.02 for
PS and —0.04 for RS, indicating a modest yet consistent reduc-
tion in random error components. The effect of the adjustment
is especially evident in RS, where the originally broad fluctua-
tion range was compressed and brought into closer alignment
with the dynamics of PS and CRNS (Figure 11).

The percentage of values falling within their respective
WP-FC ranges changed only slightly for PS and CRNS (+1%
each), whereas RS showed a decrease of 5%. This nega-
tive shift in RS performance can be attributed to the scaling
procedure, which, in certain cases, displaced values down-
ward, thereby pushing part of the distribution below the WP
threshold.

A site-by-site analysis further highlights the flexibility of
this method. In three out of the eight study sites, PS emerged
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FIGURE 10 Time series of soil water content (SWC) from point-scale (PS), cosmic-ray neutron sensing (CRNS), and remote sensing (RS)

before (top) and after (bottom) harmonization using random forest-based upscaling (PS) and downscaling (RS) to the CRNS footprint for the Euston

site as an example.
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FIGURE 11 Soil water content (SWC) time series at the Euston site before (top) and after (bottom) applying the triple collocation (TC)

method combined with mean and variance matching. CRNS, cosmic-ray neutron sensing; PS, point-scale; RS, remote sensing.

as the sensor with the lowest error variance and thus served
as the scaling reference, whereas in the remaining five sites,
CRNS provided the benchmark. This variability underlines
the adaptive nature of the approach: the optimal reference sen-
sor depends on local site conditions and sensor performance,

ensuring that the harmonization process leverages the most
reliable dataset available in each case.

The choice of lateral spatial harmonization method depends
largely on the available data, particularly the number of PS
measurements. Considering the methods feasible even with
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one PS sensor, the areal mean is the simplest approach. While
it is easy to apply, it often leads to reduced accuracy because it
ignores the spatial structure of the data, as shown by negative
plausibility result changes in many cases. A more statisti-
cally robust option is TC with mean-variance matching. TC
provides a strong statistical foundation by breaking down
errors across datasets. It maintains dataset independence and
can be used with a single PS sensor. However, a funda-
mental limitation of TC-based approaches is the requirement
for three mutually independent data sources, which are not
always available in practice; additionally, the associated scal-
ing procedures can sometimes produce physically implausible
values.

When multiple PS sensors are available, more sophisti-
cated methods become viable. RF uses nonlinear relationships
to improve alignment and can lead to significant increases
in accuracy. However, RF’s tendency to overfit and closely
mimic PS trends can blur the line between harmonization
and data combination, risking a loss of transparency. For
more reliable and physically interpretable results, ordinary
kriging is the superior choice. This method explicitly mod-
els spatial variability and provides marked improvements
when sufficient PS data are available. The resulting synthetic
CRNS and RS series closely mirror PS dynamics, which
reduces the distinctiveness of each sensor type. While krig-
ing yields the highest numerical results, its reliance on a
dense network of sensors limits its broader applicability. Ulti-
mately, the best method depends on balancing the trade-offs
(Table 5) between data availability, desired interpretabil-
ity, and the need for statistical alignment versus physical
consistency.

4 | CONCLUSIONS

This study developed and evaluated a structured, four-step
workflow for harmonizing SWC datasets from PS sensors,
CRNS, and RS across seven European sites. For unit har-
monization, total water storage capacity conversion outper-
formed mean-variance matching, yielding a higher proportion
of RS values within physically plausible WP-FC ranges
(37% vs. 35% with CRNS reference) while better preserving
the natural variability of the RS signal. For temporal har-
monization, daily averaging and satellite overpass selection
produced nearly identical results (0% change for CRNS,
~16% for PS), confirming that SWC memory renders sub-
daily temporal alignment choices largely inconsequential.
Daily averaging was adopted for its fuller representation
of diurnal variability. For depth harmonization, applying
weighted averaging to PS and an exponential filter to RS
improved RS plausibility by ~12% and statistical agree-
ment with CRNS (AR = +0.15, AubRMSD = —0.03), with
an average characteristic time length of ~6 days across
sites. For lateral spatial harmonization, method performance
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was strongly data-dependent. The areal mean is simple and
requires only one PS sensor but disregards spatial structure,
yielding a —6% plausibility change for CRNS on average. TC
combined with mean-variance matching offers an error-aware
alternative with minimal data requirements, though scal-
ing can occasionally produce physically implausible values.
RF captured nonlinear relationships effectively but showed
signs of overfitting and blurred the boundary between har-
monization and data fusion. Ordinary kriging produced the
largest improvements where applicable (plausibility +16% for
CRNS, +30% for RS; AR = +0.43-0.44) but requires a suffi-
ciently dense PS network and longer records; its results should
otherwise be treated as exploratory.

Overall, no single method is universally optimal. The
appropriate choice depends on data availability, the required
balance between statistical alignment and physical consis-
tency, and the risk of overfitting. The proposed framework
provides a reproducible foundation for multi-sensor SWC
intercomparison studies in hydrological and environmental
applications.
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APPENDIX

LITERATURE REVIEW OF SOIL WATER CONTENT (SWC) HARMONIZATION STUDIES, FOCUSING ON THE
CONSIDERED COMPONENTS AND THEIR RESPECTIVE CATEGORIES. In the table, a marked cell indicates that
the corresponding harmonization component is applied in the study, while an unmarked (blank) cell indicates that it is
not applied

Harmonization component/element Harmonization category

Number Reference Lateral General Spatial Machine Triple Process-
Unit Temporal Depth spatial statistical statistical learning collocation based
1. (Abbaszadeh et al., 2019) [ O O O [} O
2. (Abelen & Seitz, 2013) (| O O O
3. (Albergel et al., 2008) ] | O O
4. (Baldwin et al., 2019) O
5. (Bauer-Marschallinger O [ O
etal., 2019)
6 (Brocca et al., 2010) O O [ O O
7. (Brown et al., 2023) O O O O
8 (Chen et al., 2018) | O O (| O
9. (Choi & Jacobs, 2011) O O O O | O O
10. (Chrisman & Zreda, 2013) [] O O | | |
11. (Crow et al., 2012) O (| O O O
12. (D. Zhang, Zhang, etal., [] O O O O |
2017)
13. (Duygu & Akyiirek, 2019) O O O 0 O O
14. (Fang et al., 2018) O O O | O
15. (Franz et al., 2012) O O O O | [}
16. (Geetal., 2021) | O O O O O
17. (Gibon et al., 2024) O [ (] O O |
18. (Gruber et al., 2013) O O [} | |
19. (Heathman, Cosh, Han, [ O O O O
etal., 2012)
20. (Iwema et al., 2017) O O [} | O
21. (Jacobs et al., 2004) O O | (| (|
22. (Kang et al., 2018) O O O O O O O
23. (Kedzior & Zawadzki, O O O O O O
2016)
24. (Leroux et al., 2019) O O O O O
25. (J. Li & Zhang, 2021) O O O O O O
26. (Y. Liu et al., 2017) | (| O O O |
217. (. Liu et al., 2022) O | O O O O
28. (Madelon et al., 2023) O O [}
29. (Markonis et al., 2021) O O (| O O
30. (Massari et al., 2015) O (| |
31. (McJannet et al., 2017) O O O O | O O
32. (Montzka et al., 2017) O O | O
33. (N. Zhang, Quiring, et al., [] O O O O
2017)
(Continues)
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Harmonization component/element =~ Harmonization category

Number Reference Lateral General Spatial Machine Triple Process-
Unit Temporal Depth spatial statistical statistical learning collocation based
34, (Nguyen et al., 2019) O O O | O
35. (Peng, Tanguy, et al., O O
2021)
36. (Reichle & Koster, 2004) X O O [}
37. (Rivera Villarreyes et al., [] O O [} (| O
2014)
38. (Robinson et al., 2008) O O O O O O
39. (Scheiffele et al., 2025) O [} | O O O O
40. (Schmidt et al., 2024) O O O O O
41. (Schron et al., 2017) O O O O O
42. (Senanayake et al., 2021) [ O O O O
43. (Senyurek et al., 2022) O O O O O O
44. (Seo et al., 2021) O (| O O O O
45. (Tungay, 2021) I O O O O I
46. (Upadhyaya et al., 2021) ] O O O O | O
47. (Usowicz et al., 2020) O [} O O O
48. (Wagner et al., 1999) (| O O
49. (Wang et al., 2021) O O O
50. (Western & Bloschl, 1999) O O O | | (|
51. (K. Wu et al., 2023) | (| O O O O
52. (B. Xie et al., 2020) O O | O O O
53. (J. Xie et al., 2025) | [} O O O O
54. (Yan & Bai, 2020) [} | O O O
55. (Yuan et al., 2020) [} O O O
56. (Y. Zhang et al., 2023) ] O O O O
57. (Zhao et al., 2024) (| O O O
58. (Zheng et al., 2009) O O O O O O
59. (Zheng et al., 2024) O O O O
60. (L. Zhu et al., 2023) O O O O
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