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Highlights

What are the main findings?

e  The spatial similarity of surface soil moisture data between operational passive mi-
crowave remote sensing (SMAP DCA) and Earth system modeling (ECMWF IFS) is
assessed from a single cell to the continental scale across Europe.

e The environmental and observational drivers behind the spatial distributions of
each soil moisture product are investigated to understand their influence on the
spatial similarity.

What are the implications of the main findings?

e The newly established spatial pattern correlation metrics (mCD and disagreement)
enable the understanding of how spatial patterns of SMAP and ECMWF prod-
ucts can be compared and their spatial correlation can be assessed despite missing
spatial congruence.

e  This spatial similarity study provides first the insights towards a more seamless fusion
of remote sensing products and Earth system simulations as well as towards new
strategies (e.g., designing in situ networks) to validate spatial patterns of soil moisture.

Abstract

Soil moisture is an essential climate variable exhibiting strong spatio-temporal dynamics,
especially in the topsoil. Therefore, it is assessed multiple times by sensors within in situ
networks, satellites, and by modeling of the Earth system. The resulting soil moisture fields
from all methods are individual and non-congruent due to the imperfection of the methods
and retrievals. But their spatial patterns have valuable similarities that call for investigation
to foster intercomparison or even fusion of soil moisture products. In this research study,
the similarity of spatial soil moisture patterns between passive microwave remote sensing
products and Earth system modeling is investigated. We configure and apply spatial
similarity metrics to enable a spatial comparison of the operational SMAP Dual Channel
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Algorithm (DCA) radiometer soil moisture product with the soil moisture output from IFS
model runs of the ECMWE. The pattern assessment spans over the whole of Europe and
aims to find the drivers behind the spatial soil moisture distributions at scales ranging from
single grid cells (minimum) to continental (maximum) spatial scales, and between growing
periods of wet (2021) and dry (2022) years. The two specifically configured metrics, total
disagreement and mean category distance, showcase the opportunities and challenges
when assessing spatial similarity in soil moisture fields across different scales. In addition,
the potential drivers of the spatial moisture patterns were screened. Here, soil texture is
the most influential single driver of spatial patterns in the IFS soil moisture runs, when
analyzed in absolute terms [m? m~3]. In relative terms of soil moisture [-] (soil wetness
index), precipitation and soil temperature explain most of the variability of the IFS soil
moisture for Europe. The SMAP retrievals are predominantly driven by the brightness
temperatures, mostly influenced by surface temperature, vegetation water content, and soil
roughness. These differences in drivers, as well as in methodology, culminate in an inherent
discrepancy between the two soil moisture products. However, the assessment of their
spatial patterns reveals the underlying similarity from the local to the continental scale.

Keywords: ECMWF; SMAP; surface soil moisture; spatial variability; spatial correlation
metrics; disagreement; Europe

1. Introduction

Land-atmosphere interactions and their feedbacks are still not fully understood due to
the manifold and complex interactions between the land surface and the surface proximate
atmosphere. The soil-vegetation layer at the land-atmosphere interaction boundary acts as
the gatekeeper for mass (water), energy (temperature), and gas (oxygen and carbon dioxide)
transfer across this boundary. Especially the moisture content of this soil layer guides the
partitioning into latent and sensible heat fluxes, steering evaporation, the provision of plant-
available water for uptake, as well as the plant water status and demand for transpiration
and photosynthesis. This implicates the potential to transpire and therefore to conduct
photosynthesis for plant vitality and growth ([1-4]). Soil moisture is highly variable in
time and space and needs a dense monitoring scheme to understand its spatio-temporal
variability ([5-7]). Moreover, the spatial distribution of soil moisture across the landscape
is an essential asset for reasonable and reliable Earth system modeling, and its role in
modeling is highly scale dependent ([8-11]). Hence, spatially resolved information on soil
moisture from remote sensing can provide an input (assimilation or direct insertion) or a
validation source for Earth system models on a regular temporal and spatially extended
basis ([12-16]). In addition, modeled soil moisture fields can provide inputs to initialize and
improve soil moisture retrieval from remote sensing (e.g., starting values for a time series
retrieval approach [17,18]) or help to assist with certain steps within the remote sensing
retrieval process (e.g., permittivity to soil moisture conversion).

However, there is hardly any option to rigorously validate the spatial distribution
of soil moisture on larger spatial scales, since observed quantities are mostly available
on a point-scale basis from soil moisture networks like the International Soil Moisture
Network (ISMN) and the Integrated Carbon Observation System (ICOS) ([19,20]). This
is why most studies, which compare different remote sensing retrieved or Earth system
modeled soil moisture products, focus on spatio-temporal comparisons with time series
data from in situ soil moisture sensors on point locations ([21-26]). For this, a similar area
ratio was proposed as a quantitative metric in [27] to select in situ sites with the best spatial
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representativeness or even acting as a rationale for spatially deploying new sites for robust
validation of satellite products. In addition, it was used in several studies for validating
satellite and model-based SM products [28,29].

Furthermore, only a few studies, such as Escorihuela & Quintana-Segui in 2016 [30],
compare operational satellite-based soil moisture products from remote sensing (e.g., Soil
Moisture Ocean Salinity (SMOS), Advanced Scatterometer (ASCAT), Advanced Microwave
Scanning Radiometer for EOS (AMSR-E)) directly with outputs from a land surface model
(e.g., SURFEX—SURFace EXternalisée in French). However, Escorihuela & Quintana-Segui
use only Pearson’s correlation as a pixel-based metric, not considering the (local) spatial
neighborhood [30]. Moreover, Hain et al. in 2011 added thermal infrared sensing for
soil moisture estimation and combined it with microwave-based retrievals [31]. They
compared the individual and joint retrievals with soil moisture output from National
Oceanic and Atmospheric Administration (NOAA) land surface model runs (version 2.7),
but on the basis of a spatial and a time series anomaly analysis. Again, spatial analyses
were pixel-based and did not incorporate the local neighborhood. The same applies to the
study of Wang et al. in 2024, which is, however, the most comprehensive study found so
far [32]. Here, eight operational satellite soil moisture products (SMAP DCA, SMAP-IB,
SMAP MTDCA, SMOS-IC, LPRM AMSR?2, JAXA AMSR2, FY-3C, and ESA CCI; see the
abbreviations list at the end of the paper) and the ECMWEF Reanalysis version 5 (ERA5)
and Global Land Data Assimilation System (GLDAS) reanalysis soil moisture datasets
are used together with in situ soil moisture networks, to understand the performance of
three strategies (pixel-based cross validation with model/reanalysis datasets, in situ point
comparison and Extended Tripple Collocation) for quality assessment of these soil moisture
products at a global scale.

Moreover, Vischel et al. in 2008 [33] compared soil moisture fields, represented by the
soil wetness index, from the physics-based hydrological model TOPKAPI (TOPographic
Kinematic APproximation and Integration) with remote sensing estimates from European
Remote-Sensing Satellite (ERS) scatterometer data. However, the comparison was done on
spatial averages of the entire Liebenbergsvlei catchment (4.625 km?, South Africa) or the
ERS footprints (~50 km). Hence, an assessment of the similarity in spatial patterns of soil
moisture was not possible.

Hence, there is a lack of continent-wide studies that quantify the similarity between
spatial patterns of soil moisture and their spatio-temporal variability beyond simple pixel-
based comparisons (rooted in point-scale in situ measurement validation). A quantitative
assessment of spatial similarity is crucial when combining, integrating, or fusing two or
more spatially resolved soil moisture products, as no method is perfect and can serve
as a standard in spatial pattern recognition. This knowledge gap leads to the following
research questions:

(a) How similar is the soil moisture spatially distributed in operational remote sensing
retrievals and Earth system model outputs across Europe?

(b) Which environmental and observational drivers determine the spatial distributions of
each soil moisture product?

(¢) How do the spatial patterns of soil moisture products compare on different scales (single
cell, local, regional, up to continental) as well as for varying hydrometeorological periods?

This study aims at assessing the similarity of spatial patterns of soil moisture from
remote sensing and Earth system modeling across Europe (chosen as a continental domain
due to best data availability for ECMWF runs and in situ comparisons) and understanding
its environmental and observational drivers for two consecutive years (2021 and 2022)
with different hydrometeorological conditions (excluding winter and frost conditions from
October to February). The assessment of their spatial patterns explores the underlying
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similarity from the local to the continental scale. This could be useful in the future for
modelers to further improve the assimilation of both products, even beyond classical
stationary (not considering the local neighborhood) data assimilation of satellite data into
model runs. Moreover, an important step in assessing the similarity of spatial soil moisture
is the establishment of strategies to compare or even validate spatial patterns among
different soil moisture products.

2. Experimental Data and Study Region

In the following, we introduce two employed fully operational soil moisture products,
one from passive microwave remote sensing within the Soil Moisture Active Passive
(SMAP) mission and one from Earth system modeling (Integrated Forecast System—IFS—
from the European Center for Medium-Range Weather Forecasts—ECMWE). This choice of
datasets ensures the relevance of our study design for data users and practitioners who
may aim to jointly use and apply both soil moisture products in the future.

2.1. SMAP Data

The SMAP mission was launched in April 2015 by the National Aeronautics and
Space Administration (NASA) and provides a global time series of soil moisture over
the land surfaces [34]. Initially, the space-borne instrument combined a radar with a
radiometer sensor at L-band (1.4 GHz) for joint active-passive microwave sensing, but the
radar sensor ceased its service after three months of operation [35]. Thus, in this study
we will only use the soil moisture product of the SMAP microwave radiometer with a
nominal footprint resolution of 36 km and a minimum temporal resolution of 2-3 days
according to European latitudes. The exact SMAP dataset applied here is the SPL3SMP_E
product [35], which includes morning and afternoon satellite overpasses. A 9 km gridding
is organized via an enhanced Backhus-Gilbert interpolation of the coarser resolution
brightness temperature scenes [36]. The soil moisture retrieval algorithm employed is
the dual channel algorithm (DCA), which uses ancillary data, like soil type, soil texture,
Normalized Difference Vegetation Index (NDVI), and land surface temperature [37].

The post-processing of the SMAP soil moisture consists of mandatory filtering of
cells with non-optimum quality flags and surface properties (e.g., urban areas, water
bodies). Afterwards, we re-grid the SMAP product to the IFS resolution (0.09°) using
bilinear interpolation. We tested three different approaches for interpolation (bilinear,
nearest neighbor, and distance-weighted average) in Appendix C and found very little
(Scandinavia) to no (rest of Europe) discrepancies, resulting in an agreement of more than
94% for all of Europe and the entire observation period. Finally, we compute three-day
running means of the product to cover all of Europe due to SMAP coverage. In one
focus zone of our study region, encompassing Germany, Belgium, the Netherlands, and
Luxembourg (Central Europe for brevity; see Section 2.4), the optional filtering strategy,
based on vegetation water content, terrain slopes, and peatland coverage, removed 75% of
the cells. This largely owes to the intermediate to high vegetation water content in Central
and Eastern Europe (cells with a vegetation water content > 5 kg/m? were removed) and is
excessively strict for the sake of keeping a reasonable number of samples. In an adapted
optional filtering strategy, we softened this criterion to 10 kg/m?—still screening very
dense forests—and combined it with orographic (terrain with gentle slopes < 3°) and land
surface criteria (peatland fraction below 12.5%). The value of 12.5% is based on peatlands
being characterized by, on average, 40% open water areas [37]. A fraction of 40% out of
12.5% results in 5% of open water within a pixel, which is acceptable for a high-quality
retrieval [34]. Other peatland fraction thresholds (5% and 15%) were tested visually and
considered to be either too loose or too strict, respectively. The optional filtering mask
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builds upon a global peatland map from [38]. This adapted strategy filters about 18% of the
land cells in Central Europe and 32.8% across all of Europe. However, we will not apply
the optional filtering strategy when generating the results to avoid arbitrary filtering biases.
Therefore, the spatial analyses are based on the mandatory filtering strategy, meaning all
cells with successful retrievals. This allows us to keep spatial consistency, especially for
the spatial pattern comparisons (see Section 4.3). In general, highlighting the filtered areas
aims to provide insights into the quality of the satellite retrievals to ease the discussion
and interpretation of differences in the spatial distribution and to flag the time series from
SMAP in case the surface conditions are unfavorable for recommended quality retrievals.

2.2. ECMWEF Operational Analysis

The IFS represents the numerical weather prediction system of ECMWF on a global
scale. It consists of a spectral atmospheric model with a terrain-following vertical coordinate
system applied at a horizontal resolution of 0.09° and 137 vertical levels [39,40]. IFS analyses
serve as the initial conditions for the high-resolution 10-day forecasts from ECMWE. The
ECMWEF operational analyses used here are the output of a 4D-Var data assimilation system.
The system merges an earlier forecast of the model with newly arriving observations to
provide 6-hourly analysis fields at 00, 06, 12, and 18 UTC daily [40]. Physical processes in
land and atmosphere are too small to be explicitly spatially resolved by the model grid [41].
Processes relevant for calculating soil moisture are integrated for the atmosphere in the
short- and long-wave radiation schemes [42], whereby convection is parameterized by a
modified version of the Tiedtke scheme [43,44]. Moreover, the cloud microphysics module
is based on Tiedtke with improvements from [45-47]. Soil moisture processes in the land
surface component are embedded in the ecLand module of the IFS [48]. It is a tiled setup
within a single pixel, with no sub-tiling of the soil. The top layer is 7 cm, which matches
the expected sensing depth of satellite soil moisture (~5 cm, but see also [49]). Three deeper
layers are beneath it (21 cm, 72 cm, and 189 cm deep, respectively). The soil is assumed
to be uniform across the entire depth. There are only two vegetation tiles (low and high).
The others are snow, urban, bare, and water. Therefore, spatial patterns on the ground are
only implicit.

2.3. In Situ Data

For comparison with SMAP DCA and IFS model runs, we gathered in situ soil moisture
measurements from the ISMN ([19]; https:/ /ismn.earth/en/ (accessed on 22 May 2024))
and ICOS ([50]; https:/ /www.icos-cp.eu/observations/station-network (accessed on 10
March 2023)) networks across Europe. The ISMN database contains harmonized and
quality-controlled data from more than 80 networks distributed across the world [19]. In
this study, we use data from the networks REMEDHUS (Spain), SMOSMANIA (France),
XMS-CAT (Spain), and RSMN (Romania) provided by ISMN. Additionally, ICOS monitors
the atmosphere, land, and ocean using primarily tower-based instruments covering areas
of 0.01 to 1 km?2. Further, they conduct measurements of air, plant, and soil parameters
(including soil moisture) to support studies on factors affecting greenhouse gas fluxes
(https:/ /www.icos-cp.eu/ (accessed on 10 March 2023)). Characteristics of the areas where
the stations reside are presented in Section 2.4. Of the originally 601 sites in ISMN and
180 sites in ICOS across Europe, a total of 107 sites provide soil moisture measurements in
the topsoil with sensing depth between 4 cm and 6 cm for 2021 and 2022. Here, the sensing
depth was chosen to ensure consistency with that expected from SMAP (~5 cm) and with
the top layer of the ECMWEF IFS soil moisture dataset (0 to 7 cm) [49]. In a first step, a
quality check was performed for all time series. First, data with quality flags other than
“good (G)” in the ISMN were removed. In terms of ICOS, a data set that had already been
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quality-checked and contains only good data was used. Second, data with soil moisture
above 0.6 [m>® m 3] were screened out due to soil saturation. Third, data beyond three
standard deviations above and below the temporal average of each sensor were removed
to avoid extreme outliers. Finally, we manually screened out specific periods when

e  Alack of data in one or more sensors affected the site average (e.g., a data gap of some
weeks occurring for two or more of the sensors at one measuring station).

e A sensor within one site behaved inconsistently with time trends compared to its
nearby sensors and with precipitation patterns.

During the quality assessment, ten stations were completely removed. In the following
step, all sites within each pixel were averaged as well. For each resulting time series, a
centered 3-day running mean was computed, and data were saved in daily time steps to
derive consistency with the satellite and modeling data. The 3-day averages are needed
to account for the time SMAP needs to cover all of Europe. Finally, we filtered out pixels
with in situ data gaps corresponding to more than 10 days of the full record in each
year (this removed 29 stations), and sites where only data for one of the two growing
periods were available (this removed 31 stations). This resulted in a final set of 42 stations
with continuous, high-quality data records for both growing periods. Their locations are
displayed in Figure 1.

70°N Environmental Zone
Il Alpine North
Alpine South
[ Anatolian
[ Atlanctic Central
I Atlantic North

Boreal

65°N

60°N

55°N

50°N Continental
Lusitanian

45°N Mediterranean Mountains
Mediterranean North
Mediterranean South
] Nemoral

I Pannonian

40°N

ECERCEN

35°N
10°W  5°W  0° 50  10°0 15°0 20°0 25°0 30°0 35°0 40°0

Figure 1. Environmental stratification of ecological zones after [51] overlaid with the five focus

regions (black boxes) defined across Europe to cover the main ecological zones in the study. Regions

(A-E) are defined in Table 1. The red rings indicate the in situ networks used at the beginning of the
results section for classical in situ to pixel comparison.

Table 1. Introduction of five focus regions following the environmental stratification of ecological zones.

Zone Name (with Main Countries) Environmental Zone [51]
A Scandinavia (Norway, Sweden, Finland) Alpine North/Boreal

B Western Russia Nemoral/Boreal

C Central Europe (Germany/Denmark) Atlantic North/Continental
D Eastern Europe (Hungary/Romania) Pannonian/Continental

E Western Europe (France/Spain) Mediterranean/Lusitanian

2.4. Study Region and Focus Zones

The study region spans the entire European continent from Portugal in the West to
the Ural Mountains in the East and from the northern tip of Norway to the southern
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islands of Greece. We use the stratification of “environmental zones” from Metzger et al.
in 2005 to characterize different homogeneous ecological zones with a spatial resolution
of 1 km? [51]. This environmental stratification consists of 84 strata in total, which have
been aggregated into 13 environmental zones. We have designed five focus regions across
Europe for our analyses, from Scandinavia (zone A) to Southern France and Northern
Spain (wider Pyrenees region as region E). All focus regions from A to E are presented in
Table 1 and visualized in Figure 1. The focus regions span the ecological zones of Europe
from North to South (zones A, C, and E) as well as from West to East (zones E, C, D, and B),
including the continent’s climatological, hydrological, and biological spatial variance and
temporal dynamics.

3. Methodology

This section introduces the applied methodology and analysis tools to compare soil
moisture from SMAP DCA retrievals, IFS runs, and in situ measurements. The spatial
distribution will be investigated by calculating temporal medians for the growing periods
2021 and 2022 (March-September) and their differences across the datasets. Further-
more, differences in the spatial distributions will be analyzed by applying local spatial
pattern comparison metrics, introduced and configured in detail in the following sub-
sections. Soil moisture is either represented in absolute terms [m® m~3] for quantifying
the absolute fit (biases) or in relative terms as a dimensionless soil wetness index [-]
for quantifying the relative fit (correlation dynamics). For the min-max normalization
of the soil wetness index, the minimum and maximum values of the growing seasons
(from March to September of 2021 and 2022) were employed. Please note that this index
should not be confused with the SWI based on physical limits (wilting point and field
capacity). We subtract from the 3-day running mean soil moisture the minimum of soil
moisture, and then divide it by the difference between the maximum and minimum of
soil moisture.

3.1. Spatial Pattern Comparisons

The first studies mentioned in Section 1 revealed different local structures in the
soil moisture distribution of IFS fields and of SMAP DCA retrievals. Visual comparisons
showed that the nature and the strength of the discrepancy in the spatial patterns dif-
fered between European regions, suggesting a need for analyses at local and regional
scales instead of an immediate continental-scale evaluation of the patterns. Hence, we
configure and apply two local and quantitative spatial pattern comparison metrics, the
“disagreement” metric from Pontius Jr. and Millones (2011), complemented by the “mean
category distance” [52], which is derived based on the fractional skill score [53]. Both
metrics are based on categorized variables having inter-comparable unitless values. This
enables evaluating whether datasets of variables agree within a certain range of values,
and thus allows some degree of uncertainty, meaning discrepancy in quantitative (absolute)
values. However, the categorization (see Section 3.1.1) involves a certain loss of detail in
spatial accuracy.

For the local spatial pattern comparisons between categorized IFS soil moisture fields
and categorized SMAP soil moisture products, we apply the spatial pattern comparison
using moving windows of fixed grid size. Please note that in this study, we define the
category “local” in a spatial sense, meaning the center cell and its surrounding neighboring
cells. A detailed description of the size of the local windows and their derivation follows in
Section 3.1.2. This study will be done separately for the years 2021 and 2022.
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3.1.1. Categorization of Soil Moisture Fields

The categorization of the soil moisture fields from IFS and SMAP DCA requires
the consideration of (1) how to objectively define the bin edges (category boundaries)
of soil moisture, and (2) how many soil moisture categories or bins are needed. Firstly,
the bin edges were defined based on fixed boundaries rather than relative values of the
soil moisture fields. This fixation of bin ranges (absolute units [m3 m—3]: 0.05 bin width
between 0 and 0.6 = 12 bins; relative units [-]: 0.1 bin width between 0 and 1.0 = 10 bins)
has advantages and disadvantages. The benefit is that fixed ranges deliver equally sized
and therefore universally comparable bins, which are independent of the value distribution
of the soil moisture variables. As a drawback, it may be hindering that the known biases
between the datasets (IFS vs. SMAP DCA) cannot be directly considered and accounted
for. Moreover, to determine the bin count, we balanced the potential agreement between
the datasets, signified by exact agreement in the distribution range between the datasets,
and the representation of detail. For the latter, we compare the spatial correlation and
the root mean squared error between the original quantitative field and the categorical
field (using the threshold value of soil moisture of each category) within each IFS model
run or SMAP DCA dataset. A high number of bins (100) would ensure a high accuracy,
denoted by high spatial correlations and low RMSE of the quantitative and the categorical
fields for all datasets (see Figure 2). However, the disagreement between the fields would
increase to almost 100%. On the contrary, a low bin count (2) would allow for agreement
between the datasets at the cost of detail accuracy. Figure 2 depicts the disagreement and
detail loss statistics on the continental scale (Europe). Here, land mass distribution and the
representation of basic features of the soil moisture distribution, such as low soil moisture
values in the Sahara Desert, force an elementary agreement in the distributions. This leads
to spatial correlation coefficients between 0.7 and 0.77 already with the bin count of 2.
Based on this balance, the following analyses were conducted using 12 bins for the absolute
soil moisture analysis, and 10 bins for the relative analysis (Soil Wetness Index).

Furthermore, we added a dedicated study with 8, 10, and 12 bins in Appendix D to
investigate the sensitivity to the categorization (binning) of the soil moisture in more detail
(beyond Figure 2).

3.1.2. Determining the Spatial Window Size for Pattern Analysis

The determination of the window size is based on balancing the degree of hetero-
geneity of the soil moisture fields with the loss of the dynamic range of soil moisture [54].
This means that the window size needs to be large enough to capture the majority of
the heterogeneous land surface elements, but not too large to avoid smoothing out the
spatial variability.

The heterogeneity in the soil moisture patterns was determined by applying an adapta-
tion of the local heterogeneity length scale by Tian et al. in 2022 [55] to the 10-bin categorical
soil wetness index fields and the 12-bin categorical absolute soil moisture fields of each
dataset, respectively (Figure 3). The local heterogeneity length scale is determined in a
two-step approach. Firstly, the ratio of the area of the center cell category to the area of
the chosen window for all length scales ranging between a single cell and a window size
of 41 by 41 cells (maximum shift of 20 cells in each direction) is calculated. Secondly,
it determines the last length scale, in which this area ratio of the center cell category is
larger than 95%, which suggests nearly homogenous conditions within the window. The
heterogeneity length scale corresponds to the maximum window size with homogeneous
conditions.
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Figure 2. Global total disagreement between the SMAP DCA product and IFS model runs balanced
against the spatial loss of details when categorizing the original quantitative soil moisture field with
2, 5,10, 20, 50, and 100 bins. The loss is represented in terms of the root mean squared error (RMSE)
and a spatial correlation between the quantitative and the categorized fields. The vertical black line
represents the number of bins finally chosen.

In both the absolute soil moisture content and the soil wetness index, at least 75% of
the grid cells have a local heterogeneity length scale below 5 x 5 cells in the investigated
datasets (Figure 4). Higher heterogeneity length scales, suggesting more homogeneous
conditions, occur primarily in Scandinavia and over southwestern Russia for the absolute
soil moisture. The patterns of the soil wetness index show the largest homogenous patches
over western Russia in ECMWEF analysis and only a few patches with heterogeneity length
scales larger than 19 x 19 cells for SMAP DCA.
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Figure 4. Accumulated heterogeneity plotted against fractional spatial variability in terms of the
standard deviation of the smoothed soil moisture field divided by the standard deviation of the
categorized unsmoothed soil moisture field for each dataset and algorithm.
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For determining the optimum window size, we balanced the heterogeneity length scale
with the fraction of represented spatial variability. The latter was derived by calculating
the spatial standard deviation of the smoothed, categorized soil moisture and soil wetness
index fields. The fields were smoothed by averaging all cells within a moving window.
Finally, the spatial standard deviation of the smoothed, categorized fields was divided
by the spatial standard deviation of the continuous fields to represent the loss in detail.
We aimed for the representation of at least 90% of the original spatial variability while
choosing a window that is large enough to encompass most heterogeneous features in the
soil moisture and soil wetness index fields. However, for the soil moisture content of the
IFS runs in absolute terms, the fraction of represented spatial variability already dropped
below the 90% criterion at a window size of 3 x 3 cells (Figure 4). For the rest, we found
the best balance at a window size of 5 x 5 cells for both (IFS and SMAP DCA) products.
Thus, the size of the moving windows for the comparison analyses was uniformly set to
5 x 5 cells for all local spatial pattern comparisons presented in Section 4 in order to ensure
comparability across retrievals.

3.2. The Disagreement Metric as Indicator for Spatial Pattern Similarity

Figure 5 shows the workflow and the methodology of the spatial pattern similarity
analysis for an example subregion of 21 x 21 grid cells in Central Europe. In panel 1 of
Figure 5, the soil moisture fields of the IFS model run and of the SMAP DCA retrieval are
shown with their individual spatial patterns. In panel 2 of Figure 5, the transformation
into categorial variables for both products by applying fixed bin ranges for soil moisture
is presented, applying a boundary relaxation tolerance window of 2%. The tolerance
criterion is set to relax the category allocation of both products at the boundaries of the
categorial fields.

Afterwards, the disagreement metric is introduced to compare two categorized soil
moisture fields. It was originally developed to compare land cover datasets or assess land
cover changes based on a cross-tabulation matrix (Figure 5(3b)), which merges the infor-
mation about the categories of two datasets under comparison [52]. The cross-tabulation
matrix provides the fraction of the cells in the study area being in category i in one dataset
and in category j in the other dataset. An agreement is found when the datasets have the
same category in a cell (i = j). As an example, in the cross-tabulation matrix of Figure 5(3b),
a fraction of 0.02 cells is classified as category 2 in the IFS analyses and category 8 in SMAP
DCA (xj=p, j=g = 0.02). Thus, we define the total disagreement D as follows:

Total disagreement : D = Zfi“l" %with di = [Zfi’i‘ (x,',j + xj,,')} —2xj, 1)
where b, is the number of bins and x are the elements in the cross-tabulation matrix
between SMAP DCA and ECMWEF IFS (see Figure 5(3b)). The total disagreement metric
consists of the quantity and the allocation disagreements (see Figure 5(3c) for calculation
and [52]). The quantity disagreement represents differences in the quantity of occurrence
of all categories, independent of where they are located within the domain. The allocation
disagreement adds whether the category is in the same location within the spatial domain
(e.g., neighborhood of 5 x 5 grid cells) or whether it is in different locations for the
two datasets.

All components are first assessed for the individual (single) category and then summed
over all categories to get the overall disagreement. In Figure 5(3c), we exemplarily assess
the disagreement components of category 9. It occurs in a fraction of 0.06 cells in the SMAP
DCA product and a fraction of 0.21 cells in the IFS product. Hence, there is a difference
q; =9 of 0.15, which represents the quantity disagreement of category 9. The quantity dis-
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agreement over all categories (Q) is then derived from summing the quantity disagreements
over all individual categories and dividing them by two (average of both datasets).
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Figure 5. Methodology of the spatial pattern analysis for an example subregion of 21 x 21 grid cells
in Central Europe (distance via white scale in gridbox). (1): Soil moisture fields of IFS model run and
of SMAP DCA retrieval; (2): Transformation into categorial variables applying fixed bin ranges and
boundary relaxation tolerance window (2%); (3a): Result of mean category distance (mCD) metric;
(3b): Production of cross-tabulation matrix as first step of disagreement metric calculation; (3c¢):
Evaluation of cross-tabulation matrix for quantity and total disagreement metrics; (3d): Computation
of Exchange E and Shift S for calculating allocation disagreement metric.

Quantity disagreement : Q = ngx %with qj = ‘Zz}gx (xij — xj) ‘ )
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The allocation disagreement in turn can be distinguished into the components of
exchange (E) and shift (S). Exchange occurs in pairs. Hence, the categories occur in the
same quantity in the domain, but in different locations. The allocation disagreement
is computed by assessing two times the minimum of x;; and x;;. In the example cross-
tabulation matrix of Figure 5(3d), the change between categories 6 and 9, for instance, is
0.01, with x4 9 = 0.04 and xg s = 0.01. Shift summarizes the residual disagreement and occurs
between multiple categories. It can involve a local displacement combined with a change
in the category, for instance. However, in this study, we always refer to the allocation
disagreement without further distinction into its components, exchange or shift, following
Pontius and Millones [52,56].

e:
Exchange E = Zfi”f ijith ej = 2{ { lb':"’f( min (x; ;, x]',i)} = xj,j} (3)

i ¢ (4)

: bmax 5 ;
Shift: § =) "' - = D—Q— Ewiths; =d;—q
The allocation disagreement L can simply be derived from the sum of E and S, which

corresponds to the difference between D and Q:
Allocation disagreement: L=E+S =D — Q. (5)

The total disagreement (D) is the sum of all fractions not located on the diagonal of the
cross-tabulation matrix. Consequently, the total agreement equals the sum of all fractions
on the diagonal. This value was used for determining the number of considered bins for
the evaluation (see Section 3.1.1).

3.3. The Mean Category Distance Metric as an Indicator for Spatial Pattern Similarity

The above-mentioned disagreement metric is limited to the scope of the datasets
that disagree in the range of their soil moisture value distributions. Since soil moisture is
originally a spatially continuous (boundaryless) variable, different from land cover, which
has discrete classes and boundaries, the mean category distance (mCD) metric informs
about the extent to which the datasets disagree in their value distribution ranges. This
metric, thus, builds a bridge between the disagreement metric (see Section 3.2) and the
differences in the mean soil moisture of the two products. Therefore, it adds information
about differences in the shape of the value distribution of soil moisture.

The mCD is computed by calculating the mean squared errors of the category num-
ber of the IFS runs c!* S with the category numbers of the SMAP DCA retrievals cP c4,
normalized by the count of all categories n:

mCD = %2?:1 (efFs - cPCA)Z. (6)

The normalization ensures a value range between 0 (total agreement) and 1 (total
disagreement) in the spatial window (see Section 3.1.2). The mCD was developed from the
fractional skill score [53], which is often applied for validating the locations of precipitation
events simulated by Earth system models with in situ or remotely sensed observations. We
reformulated it (see Section 3.1) because the original fractional skill score only works when
both datasets agree to exceed a certain threshold (e.g., show a precipitation event). The
case of not exceeding the threshold in both datasets (e.g., no precipitation) is not defined
for the fraction skill score metric. Since soil moisture is a spatially continuous field and a
match would be found by exceeding as well as not exceeding the threshold, the original
fraction skill score would only detect half of the possible matches compared to the newly
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developed mCD. In the following, the spatial similarity metrics (mCD and disagreements)
will be applied to the SMAP and IFS datasets.

3.4. Design of Analyses for Assessing the Environmental and Observational Drivers of Soil
Moisture Patterns

In Section 4.2, the environmental and observational drivers for the soil moisture
patterns from the SMAP DCA retrievals and those from the IFS runs of ECMWEF will be
analyzed. For this analysis, we apply a multi-linear regression model via the Matlab®-
function fitlm. At first, we set up a baseline model, which includes available driving
variables and a few carefully selected interactions for the respective datasets. For the SMAP
retrieval, the base model in Wilkonson formulation is described as follows:

SM ~ VWC + clay + Tgg + TBy + TBy, + rough + VWC:Ts. + VWCiclay + rough:TBy + rough:TB}, + Lat*Lon

The v- and h-polarized emissivity, as well as the bulk density, were excluded to reduce
multicollinearity between the driving variables. The model formulation for the IFS data
looks as follows:

SM ~ LAI + T + precip + Vegy, + Vegp+ SoilText + LA Tyt + LAIL:SoilText + SoilText:Precip + Ts¢.:Precip + Lat*Lon

With LAI being the sum of the LAIs from low and high vegetation, Tsfc being the
surface temperature from the model, precip being the total precipitation, VegL and VegH
being the low and high vegetation types in the model, and SoilText being the prescribed
soil texture types in the model system. Please note that the total precipitation fields stem
from the 24-hour forecasts initiated from the 00 UTC operational analysis.

Secondly, since all driving variables and the soil moisture fields are spatially structured
(see Table A3, Moran’s I), we must acknowledge that spatial autocorrelation causes an
overestimation of the probability statistics (p-values) and the t-statistics in a linear regression
model. However, we assume that the relative importance of the respective variables in
X remains robust. In order to test this hypothesis, we performed sensitivity tests using
different special autoregressive models [57] to analyze whether the relative magnitudes
of the beta-coefficients for the individual drivers remain similar under consideration of
spatial autocorrelation or not. In Appendix E, we explain the theory and the results of this
analysis in detail. The spatial autoregressive models either consider spatial autocorrelation
in the dependent variable by including a spatial lag (SAR), spatial autocorrelation in the
error term (SEM), or they consider both (SAC) [58]. This analysis showed that the signs
of the major drivers, as well as their magnitudes relative to each other, remain similar.
Hence, a ranking of the relative importance of the different variables in creating the spatial
patterns can be based on a multi-linear regression model, although, e.g., p-values are likely
overestimated and should be interpreted with caution.

Finally, we applied the linear regression model to investigate the relative importance
of the drivers for the spatial patterns in soil moisture by fitting reduced models and taking
out one driver and its respective interactions at a time. We then compared the coefficients of
determination from the base model with those from the reduced models to understand how
much additional information the driver and its respective interactions provide compared to
a model without the respective driver. In Section 4.2. we will show this discrepancy as a loss
of explained variability, calculated from the difference in the coefficient of determination
from the base model with the one from the reduced model, where one driver and its
respective interactions were discarded.
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4. Results and Discussion

This section starts in Section 4.1 with investigating the deviations of IFS modeled and
SMAP DCA satellite-derived soil moisture for the growing seasons (March-September) in
2021 and 2022 over all of European continent. In Section 4.2, SMAP and IFS products are
investigated individually to assess the environmental and observational drivers causing
the spatial patterns. Afterwards, in Section 4.3, the similarity in spatial pattern distribution
is investigated and evaluated from single-cell (minimum) to continental (maximum) scales,
applying the metrics introduced in Section 3. Please note beforehand that the monthly
averages of total soil moisture, as well as the 5th and 95th percentiles, revealed very similar
patterns in the differences between both datasets (IFS and SMAP). Hence, the following
analysis focuses primarily on the means of the growing seasons (March-September). Here,

3

we show soil moisture in absolute terms [m>® m 3], and in relative terms [-], meaning as a

soil wetness index.

4.1. Spatial Distribution of Mean Total Soil Moisture Content

The mean total soil moisture distribution of IFS model runs and SMAP DCA retrievals
over Europe is investigated in the following. We examine similarities and differences in the
amount of soil moisture in both datasets, including the five different focus regions (Figure 1)
across Europe, and evaluate these against in situ measurements (see Section 2.3) to provide
the classical (point-to-pixel) evaluation reference and a basis to assess the absolute soil
moisture patterns. The total soil moisture of IFS model runs, and SMAP DCA retrievals
averaged over the entire vegetation period from March to September 2021, is depicted
in Figure 6 in absolute terms [m3 m—3] and in Figure 7 in relative terms [-] (soil wetness
index), including zooms into the five focus regions. The circles denote the mean total soil
moisture of the topsoil layer measured at in situ stations of the ICOS and ISMNSs.

In Figure 6, the mean soil moisture from SMAP DCA retrievals is significantly drier
across Europe than that of the IFS model runs, which is consistent with the literature [59-63].
Both SMAP DCA and the IFS soil moisture products exhibit a north-south gradient in
top-layer soil moisture across Europe, which follows the environmental stratification of
ecological zones (Figure 1) driven by climate and weather. However, this gradient is clearly
more pronounced in the SMAP DCA retrievals and extends from the dry Mediterranean to
the very wet Scandinavia, same as with height from sea level to the Alps.

In the IFS model runs, Scandinavia shows drier topsoil than Central Europe and
the Eastern European plain. In more detail, topographical features such as the Alps, the
Pyrenees, the Carpathian and Scandinavian mountains are clearly reflected in moister top
soils compared to surrounding regions, while valleys have less topsoil moisture. IFS model
runs have higher soil moisture in regions where orographically triggered precipitation (e.g.,
western coastlines and the western edges of mountain ranges) can be expected. Although
SMAP comes from a coarser original resolution (36 km), the dependence on the orography
is more clearly visible in the SMAP products than in IFS model runs.

Additionally, the Finnish wetlands and western Russian plains (regions A and B) show
high soil moisture and significantly different patterns between the SMAP DCA retrievals
and IFS model runs. Moreover, the differences in spatial patterns are especially visible
when comparing the five focus regions for the two retrievals, where the northern focus
regions A-C reveal these stronger pattern differences than the southern one (region E).
When compared to Figure 7, where the soil moisture is illustrated in relative terms, the
latitudinal spatial pattern does not change severely at a continental scale.
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Figure 6. Total soil moisture amount [m3 m~3] averaged over the vegetation period 2021 (March-
September) for (a) IFS model runs and (b) SMAP DCA retrievals. Both subplots include zooms on
the five focus regions: (A) Scandinavia, (B) western Russia, (C) Central Europe, (D) Eastern Europe,
and (E) Western Europe. The location and mean soil moisture of the ICOS and ISMN station data are
represented by the circles (color-filled gray circles), where coloring follows the legend.

Nevertheless, at regional and local scales, the spatial patterns are distinctively different
from the ones in Figure 6 (soil moisture in absolute terms). Here, the strongest discrepancy
appears in Scandinavia and western Russia (including regions A and B) for both products.

Focusing on the in situ measurements (circles in Figures 6 and 7) for comparison,
especially the Western European zone (E) stands out where the measured soil moisture
at the single locations is significantly lower (below —0.1 [m? m~3]) than the estimated
soil moisture from SMAP DCA (higher than 0.15 [m® m~3]) and the simulated one from
IFS model runs (higher than 20 vol.%). This may indicate that, especially for drier soil
conditions, the discrepancy from point in situ measurements to pixel-size averages (IFS
or SMAP DCA) of soil moisture is larger due to an increased spatial heterogeneity in the
drying process (Figure 3). A detailed assessment of all stations for both products is not
provided here, but in a companion study focusing on the temporal dynamics between IFS
and SMAP DCA [64], since the focus of this study is not on the point-to-pixel comparison
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Figure 7. Relative soil moisture (soil wetness index) [-] averaged over the vegetation period 2021
(March-September) for (a) IFS model runs and (b) SMAP DCA retrievals. Both subplots include
zooms on the focus regions: (A) Scandinavia, (B) western Russia, (C) Central Europe, (D) Eastern
Europe, and (E) Western Europe. The location and mean soil moisture of the ICOS and ISMN station
data (color-filled gray circles), where coloring follows the legend.

Furthermore, the differences in soil moisture patterns of both datasets between the
two vegetation periods under investigation (2021 and 2022) are shown in Figure 8. These
patterns are spatially similar in absolute as well as in relative terms (rows in Figure 8).
However, they are noticeably different between IFS model runs and SMAP DCA retrievals
(columns in Figure 8), suggesting a strong component in methodological (remote sensing
retrieval vs. Earth system modeling) differences between the datasets. Nonetheless, the
interannual differences in soil moisture between the years 2021 and 2022 shown in Figure 8
still indicate that both data products reflect climatic influences on soil moisture in a reason-
able manner. Both show clearly lower soil moisture in Western Europe and North of the
Black Sea in 2022, but slightly higher moisture (in the range of 0.02 to 0.04 [m3 m~3]) in
the Mediterranean and the Eastern European Plain. The strongest difference in Figure §,

https://doi.org/10.3390/rs18040608


https://doi.org/10.3390/rs18040608

Remote Sens. 2026, 18, 608

18 of 46

indicating wetter soils in 2021, occurs in Central Europe (Zone C). Here, severe flooding
events happened in 2021, leading to soil moisture values well beyond field capacity [65].
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Figure 8. Temporal differences (2022-2021) in soil moisture as mean over the vegetation period

3 m~3], (bottom row): relative terms [-] = soil

(March-September) ((top row): absolute terms [m
wetness index) for IFS model runs (left column) and SMAP DCA retrievals (right column). The
maps are overplotted with colored circles indicating the soil moisture as the mean over the vegetation
period (March-September) at all stations with consistent data records in 2021 and 2022. Reddish
colors indicate that 2021 was drier than 2022, while blueish colors indicate that 2022 was drier

than 2021.

4.2. Environmental and Observational Drivers of Soil Moisture Patterns

In the following, we investigate the underlying drivers influencing the spatial distribu-
tions in the soil moisture datasets of IFS and SMAP DCA products. This means exploring
whether soil moisture patterns follow inputs for their product generation, for instance,
soil properties, vegetation cover, air temperature, precipitation, and other representative
environmental factors, as well as observational factors, like brightness temperature or
emissivity, in the SMAP retrieval. Hence, the set of investigated drivers is specific to each
method (IFS model run vs. SMAP DCA retrieval) and assessed across Europe. Furthermore,
Peng et al. studied global soil moisture trends and their driving mechanisms, providing
a larger perspective than our study [66]. They report greater influence of precipitation
and vegetation than temperature on a global scale. Moreover, in the long-term study by
Li et al., they use global GLDAS-Noah SM data from 1948 to 2024 to decompose the total
soil moisture variability into two major temporal dynamics: long-term trends and inter-
annual variability, going far beyond the time scale of this study, providing the longer-term
perspective [67].

For indicating the explained variability by each driver or driver combination, we
calculate the individual loss of explained variability when the respective driver or driver
combination is left out from the analysis (see calculus and statistical details in Section 3.4
and Appendix E). In this way, the influence of different environmental and observational
drivers on the respective soil moisture product can be understood.
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4.2.1. IFS Model Runs

In Earth system models, such as the IFS of ECMWE, the soil moisture amount is driven
by vertical inflows (precipitation) and outflows (upward: evapotranspiration; downward:
infiltration and deep drainage), and the water holding capacity of the soil is determined
from the parameterized soil properties (porosity, matrix potential, and hydraulic conduc-
tivity). Moreover, biases of precipitation, variations in vegetation parameters (traits and
phenology), as well as evapotranspiration fluctuating with surface temperature dynamics,
also directly impact soil moisture content and its spatio-temporal variation. The IFS system
applies an operational data assimilation scheme for SMOS and ASCAT satellite remote
sensing data, and thus constantly updates the soil moisture fields in the direction of ob-
served soil moisture [40]. The influence of data assimilation and the implemented model
processes for soil infiltration are not considered in the multivariate regression analyses,
which probably explains a certain amount of the missing variability in Figure 9 (see vari-
abilities of the base model). Please note that precipitation fields are not directly available
from the IFS analyses themselves. They come from the ECMWEF forecasts starting at 00:00
UTC from the analyses. Hence, the regressions with precipitation need to be treated with
caution due to this dependency, and they should be seen only as an indication for regional
differences in the precipitation fields.

0 Total Soil Moisture Content

Loss Explained Variability [%]

~60 | Explained Variability (Base Model) i
70 83.§ % 90.377 % 60.03 % 76.§1 % 70.4}6 % 89‘]T9 %
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Figure 9. Loss of explained variability (coefficients of determinations) for taking single or combined
variables out of the multi-variable regressions of potential influential factors of the IFS model runs
with the mean top layer soil moisture over the vegetation period 2021 for all of Europe and the focus
regions (A-E); (a) in absolute terms [m® m~3], (b) in relative terms [-]; Tsfc = air temperature in 2 m
height, Precip = accumulated precipitation of the day, SoilText = Soil texture, Veg = vegetation.

https://doi.org/10.3390 /1518040608


https://doi.org/10.3390/rs18040608

Remote Sens. 2026, 18, 608

20 of 46

Soil texture is clearly the most influential single driver of spatial patterns in the IFS soil
moisture product for all of Europe and for four out of five focus regions, when analyzed
in absolute terms [m® m~3]. It explains about 43% of the variability in the patterns in
all of Europe and up to 59% of the patterns in Scandinavia (Zone A). Surface features of
extra-tropical organic soils seem to cause very high soil moisture values in some areas of
Finland (Figure 9, top row), and the riverbeds of the East European plain are reflected
in fine soils and coarse soil texture patches. They appear as drier patches in Northern
Germany, Poland, and parts of the Scandinavian lowlands (Figure 6). Only the soil texture
classes medium and medium-fine have a considerable overlap in their value ranges. The
strong dependence on soil texture leads to a stratification of the data points, with cells with
coarse soil texture clustering at lower soil moisture values, intermediate fine soils clustering
at intermediate soil texture, and extra-tropical organic soils around very high soil moisture
contents (e.g., Scandinavia in Zone A).

In relative terms of soil moisture [-], the wetness index in Figure 9 (bottom row) reveals
a different dependency pattern compared to the soil moisture in absolute terms (Figure 9,
top row). Here, soil texture has a minor influence (<15%) due to normalization, which
largely removes the dependency on the soil type due to the focus on relative dynamics. In
contrast, precipitation (18%) and soil temperature (15%) explain much of the variability for
most of Europe. For the focus regions, the situation is diverse in terms of drivers.

The soil wetness index [-] is driven mainly by precipitation and soil texture in Scandi-
navia (zone A) and by temperature and soil texture in Central Europe (zone C), while the
index is guided in Western Europe (zone D) and Eastern Europe (zone E) by precipitation
and temperature as their climate regimes are more water-limited by temperature (zone D)
and by continentality (zone E). Western Russia (zone B) is mainly dominated by tempera-
ture as the main driver for soil moisture due to its colder climate and absence of maritime
influences (oceanic humidity).

Analyzing the soil moisture in absolute terms [m® m 3] and focusing on the individual
focus regions paints a different picture. In Western Europe, temperature, precipitation, and
soil texture are the main environmental drivers, whereas in Eastern Europe, soil texture
plays a minor role as the third environmental influencing factor. For Central Europe,
Scandinavia, and western Russia, soil texture is by far the most influential and dominant
factor, which is similar to the driver allocation for the soil wetness index for the first two
focus regions (Central Europe and Scandinavia). However, for the latter, temperature
(Central Europe) and precipitation (Scandinavia) are equally important.

Interestingly, vegetation as an environmental driver (see Figure 9) is in none of the
focus regions an influential factor for the IFS model runs. This is the case, no matter
if soil moisture is analyzed in absolute or relative terms. This may come from the way
vegetation is represented in the IFS model architecture and could have two reasons. For
one, leaf area index as the proxy of plant phenological dynamics through the season is
represented as a seasonally invariant climatology [41]. In addition, the atmosphere module
regulates the land surface fluxes in case of inconsistency between the soil and the vegetation
compartments [41]. This may result in temperature and precipitation having a stronger
influence on soil moisture in IFS runs than vegetation for the focus regions.

4.2.2. SMAP DCA Retrievals

The environmental drivers for the SMAP DCA retrievals are different from the ones for
the IFS model runs due to the specific remote sensing-based retrieval inputs and retrieval
architecture (see Section 2.1). This is why, for instance, the input signals (brightness
temperatures) to the retrieval are also investigated as observational drivers besides all other
environmental drivers.
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A minor influence on the soil moisture distributions of the remote sensing retrievals
is found for the vegetation distribution, the precipitation, and the surface temperature.
One could argue that the vegetation removes water from deeper layers by plant water
uptake. Moreover, spatial patterns of soil moisture in the topsoil are fairly short-lived due
to interception in the vegetation canopies. The underlying driver is precipitation, which
is mostly at a larger scale than vegetation variability, which is not resolved at the satellite
level in Europe due to landscape heterogeneity with minor forest (grown-up vegetation)
and major agricultural and grassland (non-grown-up vegetation) proportions.

Moreover, the atmosphere drives high soil moisture amounts at the west coasts as
well as the western edges of mountain ranges (Scandinavian mountains, Scottish west
coast, Pyrenees, and Alps), leading to the typical biomes in these regions with respective
topography and mountainous soil types. The strongest influence of the vegetation and
climatic factors can be observed over Western Europe (zone E), where they both explain
about 60% of the variability. The stronger influence of temperature appears to be linked to
the moisture limitation over the Iberian Peninsula, which has a semi-arid climate, wherefore
a stronger relation between temperature (or climate factors in general) and soil moisture
is to be expected but is modulated by vegetation accessing deeper water resources. The
focus on Western Europe (zone E) is the region with the most explainable variability within
the domain (above the x-axis in Figure 10). The least explainable variability is present in
western Russia (zone B) for the soil wetness index as well as for the soil moisture in absolute
terms. In Central Europe (zone C), most of the patterns arise from the soil roughness for the
soil wetness index. Climatic influences and vegetation cover explain a smaller percentage
of the pattern distribution and add about the same amount of explained variability to the
variability explained by soil roughness.

In contrast to IFS model runs, soil moisture from SMAP DCA is not a conserved
quantity, as the satellite retrievals provide regular snapshots (at the time of overpass) of
the soil moisture distribution with a frequency of twice a day in Scandinavia (zone A)
and up to three days in the lower (equatorial) latitudes. SMAP patterns do not have one
single major environmental driver (see Figure 10), compared to IFS model runs, where soil
texture types as categorical classes dominate the spatial moisture patterns in absolute terms
in most cases. Over Europe, the retrievals are predominantly driven by a combination
of brightness temperature (light green bars in Figure 10) (up to —29% loss of explained
variability when taken out; all numbers for soil moisture in absolute terms), which is
followed by the vegetation water content (up to —14%; ancillary from MODIS NDVI), the
soil roughness (up to —8%; static ancillary from SMAP mission defaults) and the surface
temperature (up to —4%; dynamic ancillary from GEOS-FP modeling system). Hence, soil
characteristics still play a role as a driver of the SMAP patterns.

Furthermore, among the influential factors of the SMAP acquisition system, H-
polarization fields are less influential than V-polarization fields of the brightness tem-
peratures on the DCA patterns, especially for soil moisture in absolute terms [m3 m~3].
This is unexpected from soil moisture retrieval theory with passive microwaves, where both
polarizations have distinct and similar soil moisture sensitivity (see Figure 12-3 in [68]).
Another factor influencing the transformation from permittivity to volumetric soil mois-
ture with the Mironov model used in L-band retrievals is the clay fraction. It has only
a second-order influence (up to —2%) on the soil moisture patterns, since its analytical
conversion does not affect the spatial pattern directly [37]. An overlooked input to the
SMAP DCA soil moisture retrieval is the roughness coefficient of the soil surface. Itis a
temporally static ancillary field, which is used during the soil moisture retrieval from the
brightness temperatures measured by the satellite radiometer. It shows a considerable effect
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(up to —8% of variability loss when left out) on the soil moisture estimates for absolute and
relative terms.

Total Soil Moisture Content
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Figure 10. Loss of explained variability (coefficients of determinations) from taking single or com-
bined variables out of the multi-variable regressions of potential influential factors of the SMAP
DCA retrievals over the vegetation period 2021 for all of Europe and the focus regions (A-E); (a) in
absolute terms [m3 m~3], (b) in relative terms [-]; VWC = vegetation water content, T = temper-
ature, TBh = horizontally polarized brightness temperature, TBv = vertically polarized brightness

temperature, Rough = soil roughness, Clay = clay content of the soil.

Nonetheless, all ancillary variables fed into the multivariate regression models explain
a large range of explainable variability within Europe for soil moisture in absolute terms
(80-95%). Only Scandinavia (zone A) lacks about 3% of explainable variability, which leads
to a share of explainable variability of about 82% for all of Europe.

Though all ancillary variables have an influence on the patterns, there is some regional
difference in the weighting of the importance of each influential factor for the retrieval.
Similar to IFS model runs, western Russia (zone B) has the highest share of explained
variability by a single variable (VWC) for soil moisture in absolute terms, whereas in
Western Europe (zone E) and Scandinavia (zone A), it appears to be a combination of
variables. Bulk density, being a direct influential factor for water tension capabilities,
has a strong influence in Western Europe and the Mediterranean. There, the vegetation
water content has a stronger influence, keeping in mind that vegetation is connected and
influenced by the soil properties and dynamics. The positive correlation with vegetation
water content could be rooted in the passive microwave acquisition nature of the retrieval,
since the SMAP radiometer sensor is also sensitive to the moisture in the vegetation, besides
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the moisture underneath the vegetation in the soil [68] p. 566f). This is why the SMAP
DCA soil moisture retrieval uses a radiative transfer-based method to model soil as well as
vegetation emissions as contributions to the brightness temperature signal [37].

When comparing soil moisture in absolute terms [m® m~3] to relative terms (soil
wetness index), the all-variable explainability (numbers above x-axis in Figures 9 and 10)
is significantly different, with values well above 80% in absolute soil moisture values and
values between 42% and 73% for the soil wetness index. One reason for this could be that
normalization is done on a limited amount of data (two seasons spanning 2021 and 2022)
for finding the extremes to calculate the index.

For the focus regions in Figure 10, the situation is a bit more diverse. Soil moisture in
absolute terms is explained between 6% and 13% (absolute values of explainability loss)
by the vegetation water content (VWC), which is a direct follow-on from the imperfect
characterization of the vegetation in the retrieval model that is based on zeroth-order
radiative transfer theory, neglecting higher-order vegetation-wave interactions [69]. Tem-
perature plays a significant role with a variability loss of above —4% to —5% at focus
regions A (Scandinavia) and E (Western Europe).

The explained variability of the soil wetness index shows, in general, significantly
lower values compared to the absolute soil moisture values. When the single focus regions
are investigated for the different drivers, the vertically and horizontally polarized bright-
ness temperature (sum is represented as bright green bars in Figure 10) as input signals to
the algorithm stand out in explainability for all of Europe, western Russia (zone B), Eastern
(zone D), and Western (zone E) Europe. In addition, the vegetation water content showed a
significant influence on the explained variability for Scandinavia (zone A) and Europe.

4.3. Similarity in Spatial Pattern Distribution from Cell to Continental Scales

This section aims to quantify the similarity in spatial pattern distribution of soil
moisture from IFS and from SMAP DCA at varying spatial scales, from single cell, local, as
well as at regional, up to continental scale.

4.3.1. Single-Cell Scale

At the scale of single cells, the spatial pattern comparison is a pixel-to-pixel comparison
of both products. Figure 11 compares the differences between the IFS model-simulated
and SMAP DCA-retrieved topsoil moisture for the vegetation period of 2021 and 2022
in absolute [m® m 3] and in relative [-] terms. The hatching in the SMAP DCA subplots
indicates areas with potential issues in the quality of the retrieval (e.g., the surface properties
entered in the retrieval process) from SMAP data quality flags. We implemented two quality
levels as introduced in Section 2: Dashed hatching indicates recommended quality after the
optional SMAP flagging strategy. Dotted hatching indicates an even softer quality standard,
allowing also a vegetation water content of 10 kg m~2 instead of 5 kg m~2.

Interestingly, the difference between the two spatial datasets in Figure 11 reveals
significant deviations in spatial patterns when shown in absolute terms for the median
soil moisture compared to relative terms for the soil wetness index. This stems from the
removal of the soil porosity impact when calculating the soil wetness index (no absolute
values). For the median soil moisture content, the largest negative differences occur for the
peatland areas in northern Scandinavia and western Russia (dark red regions in Figure 11,
upper left plot). Moreover, the largest differences are found in southern Sweden and the
coastal areas of Norway. This pattern of extremes stays constant over both years 2021 and
2022 (upper row of Figure 11), indicating their origin to be less influenced by meteorology
but more by inputs like soil characterization to the SMAP retrieval and the IFS modeling.
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Figure 11. Differences between IFS model simulated and SMAP DCA retrieved top layer soil moisture
in absolute [m3 m—3] (top row) and in relative [-] (bottom row) terms for the vegetation period 2021
(left column) and 2022 (right column). The dashed hatching indicates areas where the retrievals are
not flagged as recommended quality in the retrieval metadata. The dotted hatching areas denote
regions with a vegetation water content higher than 10 kg m~2, mountain ranges with a slope larger
than 3°, as well as more than 12.5% peatland.

The hatched zones are also predominantly found in these regions with a strong
underlying variability in their topography, dominant vegetation, or significant wetness
(including open water). The differences in relative terms (soil wetness index) are most
significant in the regions of western Russia, northern Sweden, the United Kingdom, and
in regions of high altitude (e.g., the Alps and the Pyrenees) in Atlantic Central, Atlantic
North up to the Boreal climate regions, except Finland (Figure 1). Here, IFS-based soil
moisture shows significantly lower moisture levels (Figure 7) compared to the SMAP-based
soil moisture.

The deviations between the two products are stronger for the soil wetness index in
2021 than in 2022. This might be due to the wetter weather conditions in 2021 compared to
2022. However, overall continent-wide patterns stay similar between the years.

4.3.2. Local Scale

Here, we compare the spatial patterns of soil moisture at the local scale. Previous
analyses at the cell scale, investigating single cells and their surrounding neighboring
cells, have shown that the patterns do not locally (in a context of 5 x 5 cells, see Figure 4
for window size selection) agree between the two soil moisture products (SMAP and
IFS). Therefore, the spatial pattern comparison metrics (disagreements and mean category
distance) will be applied based on 5 x 5 pixel moving windows to quantify the divergence
in quantity and allocation of the soil moisture patterns within this window. The mCD
refines the quantity disagreement by stating how far the category deviates.

In Figures 12 and 13, the spatial pattern comparison metrics are shown for both years
and compared in terms of absolute values (median soil moisture in [m3 m~3]) and in terms
of relative values (soil wetness index [-]). Overall, the mCD complements the quantity
disagreement metric.
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Figure 12. Comparison of the spatial patterns of the median soil moisture content (in absolute

3

terms [m3 m~3]) during the vegetation periods 2021 and 2022; window size for pattern comparison

5 x 5 pixels; boundary tolerance 2%. Focus regions are detailed in Figure A2 (Appendix B).

In regions where the quantity disagreement saturates (dark blue regions with values of
one in Figures 12 and 13), the mCD is capable of resolving and quantifying this divergence.
It indicates the number of cells in the moving (5 x 5) window for which the category
completely diverges. Moreover, this category would also not show up in another pixel of
the moving window. The strongest deviations are seen in Scandinavia (Sweden) and in
western Russia, which is logically consistent, but not collocated, with what is shown in
Figure 11 due to soil type divergence.

Moreover, it can be seen in both Figures 12 and 13 that the allocation disagreement
is more pronounced in regions where the quantity disagreement and the mCD-values
are rather small (0.1) to medium (~0.6) levels. At high disagreement levels (e.g., quantity
disagreement > 0.9), the allocation disagreement plunges close to zero, which is expected
and consistent with the logic of the disagreement metric. Looking at the sum of both
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disagreements expressed in the total disagreement, it is well understood that the quantity
disagreement is dominating the dynamics of the total disagreement, indicating the minor
influence of the allocation disagreement for both years and both terms (absolute and
relative). In the end, the overall spatial patterns of all metrics on the local scale stay similar
between the two years, 2021 and 2022, showing no large-scale year-to-year dynamics across
Europe for the two years. This means that the local patterns of soil moisture are less
dependent on the year-to-year change in the hydrological situation and more on the drivers,
like soil and vegetation characteristics, as presented in Section 4.2.

Quantitv Disaareement 2021 Quantity Disaareement 2022
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Figure 13. Comparison of the spatial patterns of the soil wetness index (in relative terms [-]) during
the vegetation periods 2021 and 2022; window size for pattern comparison 5 x 5 pixels; boundary
tolerance 2%. Focus regions are detailed in Figure A1 (Appendix B).

However, the spatial patterns are significantly different for the soil wetness index
compared to the absolute soil moisture values, meaning in terms of units ([-] vs. [m3 m~3]).
This is especially apparent for the mCD, comparing Figure 12 with Figure 13. Here, the
regions containing Sweden and Finland (both in zone A) and parts of north-western
Russia show the highest values (up to 0.5 to 0.6) of mCD for the absolute values of soil
moisture in Figure 12, while the soil wetness index reveals the biggest differences in
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mCD for western Russia (zone B) in Figure 13. This underlines the different drivers
behind the local patterns of soil moisture, presented in Figures 9 and 10, and how they
are pronounced when using absolute or relative units of soil moisture. The strength of the
different spatial pattern correlation metrics for the individual focus zones (A-E) is detailed
in Figure Al of Appendix B.

For spatial patterns comparisons in absolute terms in Scandinavia, the main drivers
are vegetation water dynamics, soil roughness, and soil temperature for the SMAP DCA
retrievals, while for the IFS model runs, the main driver is the soil texture input. For the
spatial patterns comparison in relative terms in western Russia, the main drivers are bulk
density for the SMAP DCA retrievals, whereas the IFS model runs are mainly driven by
air and soil temperature. This means the drivers of the soil moisture fields are especially
different in these regions, leading to the highest mCD values in Figures 12 and 13.

4.3.3. Regional up to Continental Scale

Figure 14 presents the spatial pattern comparison metrics for both years (2021 and
2022), either for absolute values [m® m 3] (top row) or for the soil wetness index [-] (bottom
row) over the entire domain (Europe). Tables with statistics are included in Appendix B.
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Figure 14. Spatial pattern comparison metrics of the entire domain (Europe) and of all five focus
regions A-E for both years (2021 and 2022) (columns) as well as for absolute values [m3 m~3] (top
row) and for the soil wetness index (relative values) [-] (bottom row).

For absolute values [m® m~3], the mCD is largest in Scandinavia (zone A) for 2021 and
2022, indicating the strong soil type influence in this zone. In 2021 and 2022, the smallest
total disagreement is seen in Western Europe (zone E). In 2021, the total disagreement
is largest for western Russia (zone B), and in 2022 it is largest for Eastern Europe (zone
D), both times due to the large allocation disagreement. For western Russia (zone B),
the quantity disagreement is at its maximum, and the allocation disagreement is at its
minimum compared to all focus regions in 2021 and 2022, meaning that the location of
patterns in space is similar, but the quantities of the soil moisture values are significantly
different. This fits well with Figures 11 and 12, indicating this already at the cell scale and
even for mCD at the local scale, respectively. Reasons here are the different environmental
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and observational drivers (see Section 4.2) influencing the IFS model runs and the SMAP
DCA retrievals to lead to similar spatial patterns but diverging soil moisture values.

For the soil wetness index (relative values) [-], the mean category distance is largest
in western Russia (zone B) for 2021 and 2022. In 2021, the smallest total disagreement is
seen in Western Europe (Zone E), and in 2022 in Central Europe (Zone C). In 2021 and 2022,
the total and quantity disagreement is largest in western Russia (zone B). However, the
allocation disagreement is largest in Scandinavia (zone A) in 2021 and 2022, which fits the
organic soils in these zones. In contrast, the allocation disagreement is smallest in western
Russia (zone B) due to a calmer and colder continental climate, leading to higher spatial
similarity due to homogeneous moisture input (precipitation).

5. Conclusions and Outlook

This study investigates and discusses the discrepancy of spatial soil moisture patterns
between operational products from passive remote sensing and Earth system modeling.
We configure and apply spatial similarity metrics to enable spatial comparison of the
SMAP radiometer soil moisture product with the soil moisture output from IFS model runs
available from the ECMWE. For this, a set of spatial pattern correlation metrics is used:
allocation disagreement, quantity disagreement, total disagreement, and mean category
distance (mCD). The spatial similarity is compared on different spatial scales from the
single cell up to the European continent. Key findings are that soil moisture patterns
diverge distinctively between a state-of-the-art model-based (ECWMF-IFS) soil moisture
product and a state-of-the-art satellite-based (SMAP DCA) remote sensing product. This is
shown across Europe in Figures 68 for the mean soil moisture fields and on a single-cell
scale in Figure 11. Figures 12-14 indicate that the spatial pattern divergence (non-similarity)
occurs from the local scale up to the continental scale. However, the novel spatial pattern
correlation metrics help to understand how spatial patterns can still be compared and their
spatial correlation assessed across different spatial scales.

We find that the spatial similarity is essential to enable pattern comparison due to
significant differences between the initial products. The spatial similarity varies across
scales from single cells to continents and over the two years. The two established metrics,
disagreement, containing total, quantity, and allocation disagreement, and mCD, showcase
the potential and challenges when assessing spatial similarity in soil moisture fields across
scales. Essential steps are the categorization of the two soil moisture input products, as
well as the adjustment of the spatial window size and the boundary relaxation criteria.

Moreover, we analyze the environmental and observational drivers behind these soil
moisture patterns for both products and find that they are individual for each product
and diverse across focus regions. The analysis shows that soil texture is clearly the most
influential single driver of spatial patterns in the ECMWF IFS soil moisture product, when
analyzed in absolute terms [m3 m~3]. In relative terms of soil moisture [-] (soil wetness
index), soil texture has the least influence, whereas precipitation and soil temperature
explain most of the variability for all of Europe. The environmental drivers, but also
algorithmic input factors, called observational drivers, for the SMAP DCA retrievals are
different from the ones for the IFS model runs due to the specific remote sensing-based
retrieval inputs and retrieval architecture (see Section 2.1). The vegetation distribution,
the precipitation, and the surface temperature have a minor influence on the soil moisture
distributions of the remote sensing retrievals. Over Europe, the retrievals are predominantly
driven by a combination of brightness temperatures, which in turn are influenced by the
vegetation water content (ancillary from MODIS NDVI), the soil roughness (static ancillary
from SMAP mission defaults), and the surface temperature (dynamic ancillary from GEOS-
FP modeling system). These differences in drivers, as well as in the methodology and
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algorithm of both products, culminate in an inherent difference in soil moisture from
ECWMF IFS runs and SMAP DCA retrievals. Hence, they cannot be directly used jointly
for large-scale mapping or as a spatial reference for validation, e.g., other remote sensing
soil moisture products (SMOSs). However, the assessment of their spatial patterns reveals
the underlying similarity from the local to the continental scale. This could be tested in
the future to further improve assimilation schemes for both products beyond classical
data assimilation of satellite data into ECWMF model runs. One option could be to use
the spatial pattern comparison metrics as an indicator where the assimilation could be
done classically due to high allocation agreement, and novel machine learning (ML)-based
options could be derived and tested where the allocation agreement is rather low.

Furthermore, another important step for assessing the similarity of spatial soil moisture
is the establishment of strategies (up to in situ network strategies and proximal remote
sensing) to validate spatial patterns of different soil moisture products. Here, ML could
be a contemporary asset to be implemented and used for spatial similarity analyses. Data
assimilation is already part of the operational practice within ECMWEF forecasts with the
assimilation of remote sensing-based soil moisture, e.g., from SMOS [70], but not the focus
of this research study. Moreover, 90% of the spatial patterns in ECWMEF IFS runs appear to
be explainable according to the multi-linear regression analyses through a combination of
static fields and meteorological variables. This suggests that the assimilation of satellite
data, like from ASCAT, may only have a reduced influence on the spatial distribution of
ECWMF-based soil moisture, since the spatial distribution is also derived through the data
assimilation of screen-level temperature and relative humidity of the atmosphere at the
pixel scale.

In the end, assessing the spatial similarity of soil moisture patterns across Europe by
applying novel spatial comparison metrics from local to continental scale and considering
the underlying drivers leads the way towards a more seamless fusion of remote sensing
products and Earth system model runs.
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Abbreviations

The following abbreviations are used in this manuscript:

4D-Var
AMSR-E
AMSR2
ASCAT
CCI
CESBIO
DCA
ECMWF
ERS
ESA
FY-3C
1ICOS
IFS

INRAE

ISMN
JAXA
LPRM
mCD
NASA
NDVI
NOAA
RMSE
SMAP
SMAP-IB
SMAP MTDCA
SMOS
SMOS-IC
SURFEX
TOPKAPI
\%

VWC

Four-dimensional Variation Assimilation
Advanced Microwave Scanning Radiometer
Advanced Microwave Scanning Radiometer 2
Advanced Scatterometer

Climate Change Initiative

Centre d’Etudes Spatiales de la Biosphére

Dual Channel Algorithm

European Center for Medium-Range Weather Forecasts
European Remote Sensing Satellite

European Space Agency

FengYun-3C satellite

Integrated Carbon Observation System

Integrated Forecast System

Institut National de la Recherche pour 1'agriculture,
I'alimentation et ‘environment

International Soil Moisture Network

Japanese Aerospace Exploration Agency

Land Parameter Retrieval Model

Mean Category Distance

National Aeronautics and Space Administration
Normalized Differential Vegetation Index

National Oceanic and Atmospheric Administration
Root Mean Square Error

Soil Moisture Active Passive

SMAP-INRAE Bordeaux

SMAP Multi-Temporal Dual Channel Algorithm
Soil Moisture Ocean Salinity

SMOS-INRAE CESBIO

SURFace EXternalisée

TOPographic Kinematic APproximation and Integration
Vertical

Vegetation Water Content

Appendix A. Spatial Patterns Comparison Metrics

In this appendix, the tables of the spatial patterns comparison metrics for all of

Europe and the five focus regions (A-E) of Section 4.3 are collected for documentation of

the statistics.
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Table Al. Spatial patterns comparison metrics for all of Europe and the five focus regions (A-E)

regarding years 2021 (top) and 2022 (bottom); calculus: soil moisture input was in absolute values

3

[m® m—3] and with fixed bins in categorization (including a tolerance window of 2%).

Soil Moisture in Absolute Values [m® m—3]

Year 2021 Europe Scandinavia Western Russia  Central Europe  Eastern Europe  Western Europe
P Region A Region B Region C Region D Region E
Quantity 0331  0.561 0.787 0.556 0.582 0.410
Disagreement
Allocation 0492 0279 0.110 0.202 0.248 0.315
Disagreement
Total Disagreement 0.823 0.840 0.897 0.759 0.831 0.725
Table Al. Cont.
Soil Moisture in Absolute Values [m® m—3]
Mean Category 0.046  0.067 0.031 0.032 0.030 0.033
Distance
Year 2022 Europe Scandinavia Western Russia  Central Europe  Eastern Europe = Western Europe
P Region A Region B Region C Region D Region E
Quantity 0337 0453 0.628 0.435 0.525 0.344
Disagreement
Allocation 0426 0293 0.167 0.242 0.329 0.338
Disagreement
Total Disagreement 0.763 0.746 0.795 0.677 0.854 0.681
Mean Category 0.054  0.078 0.045 0.037 0.037 0.030
Distance

Table A2. Spatial patterns comparison metrics for all of Europe and the five focus regions (A-E) for

soil wetness index [-] regarding years 2021 (top) and 2022 (bottom); calculus: soil moisture input was

in relative values [-] (soil wetness index) and with fixed bins in categorization (including tolerance

window of 2%).

Soil Wetness Index [-]

. Western Central Eastern
Scandinavia . Western Europe

Year 2021 Europe Reeion A Russia Europe Europe Region E

8 Region B Region C Region D 8
Quantity 0451  0.242 0.880 0.538 0.451 0.409
Disagreement
Allocation 0.301  0.509 0.081 0.281 0.279 0.298
Disagreement
Total Disagreement 0.752  0.751 0.961 0.819 0.730 0.707
Mean 0.098  0.087 0.182 0.095 0.084 0.077
Category Distance

. Western Central Eastern
Scandinavia . Western Europe

Year 2022 Europe Reeion A Russia Europe Europe Region E

8 Region B Region C Region D 8
Quantity 0368  0.301 0.748 0.464 0.386 0.419
Disagreement
Allocation 0.375  0.470 0.130 0.231 0.378 0.296
Disagreement
Total Disagreement 0.744  0.771 0.878 0.695 0.764 0.715
Mean 0.085  0.097 0.119 0.072 0.084 0.070

Category Distance
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Appendix B. Relative Frequency Distribution of Spatial Pattern
Correlation Metrics on Local Scale

In Section 4.3, the spatial pattern correlation metrics are applied on a local scale for a
moving window of 5 x 5 pixels with a boundary tolerance of 2%. Figures 12 and 13 show
the comparisons of the spatial patterns of the median soil moisture content during the
vegetation periods 2021 and 2022 in absolute terms [m3 m—3] and in relative terms [-] (soil
wetness index), respectively. In the following, the relative frequency distribution of the
spatial pattern correlation metrics is shown for the local scale (5 x 5 cells) for the different
focus regions A-E.
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Figure Al. Relative Frequency Distribution of Spatial Pattern Correlation metrics on local scale
(5 x 5) for the different focus regions A-E.
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Appendix C. Comparison of Soil Moisture Interpolation Techniques

We conducted a resampling test with three different interpolation techniques (nearest
neighbor interpolation, bilinear interpolation, and distance-weighted averaging) to under-
stand the sensitivity to resampling of the SMAP DCA soil moisture product to match the
resolution of the IFS grid.

In Figure A2, we show the difference in soil moisture [m® m~—3] for 2021 (top row)
and for 2022 (bottom row), comparing the three different interpolation techniques across
Europe. Figure A3 confirms that the different interpolation techniques have only very little
(Scandinavia) to no (rest of Europe) influence on the resampled result.

JDistancech—Weight(Jed Averaqe - Bilin?ar 2021 Nearest Neighbour - Bilinear | 2021

[e-w ¢w] amisio 10

10w 0 10E 20E 30E 40E 10W 0 10E 20E 30E 40E

Figure A2. Difference in soil moisture [m3 m~3] for 2021 (top row) and for 2022 (bottom row),
comparing three different interpolation techniques: Distance-weighted average, bilinear interpolation,
and nearest neighbor interpolation. Left column: Difference in Distance-Weighted Average with
Bilinear interpolation; Right column: Difference between Nearest Neighbor and Bilinear Interpolation.
Gray areas are masked according to mandatory SMAP filtering.
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Figure A3. Statistical measures showing the soil moisture difference [m3 m—3] of the three tested inter-

polation methods in 2021 and 2022: Histograms (top row) and cumulated histograms (bottom row).

In Figure A3, the respective statistics are presented as histograms (top row) and
cumulated histograms (bottom row) of the difference in soil moisture [m3 m~3] for couples
of interpolation techniques and both years. More than 94% of the differences for all years

and for all of Europe are below the official SMAP target accuracy of 0.04 [m3 m~3].

Appendix D. Sensitivity of Spatial Similarity Metrics to Binning

Beyond the descriptions and derivations of the final binning numbers in Section 3.1.1,
we add here a binning test (8/10/12 bins) to show the sensitivity of the four similarity met-
rics, calculated according to Section 3 in the manuscript, to the binning. Figures A4 and A5
depict the results of the binning test as histograms of the four similarity metrics and both

3

years (2021 and 2022) for soil moisture in absolute terms [m m 3] and in relative terms [-],

respectively.
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Figure A4. Histograms of the four similarity metrics (columns) and both years (rows) for soil moisture
in absolute terms [m® m—3] calculated with different binning (8, 10 or 12 bins).

Quantity Disagreement 2021 . Allocation Disagreement 2021 Total Disagreement 2021 Category Distance 2021

in
0-bin 0.5
) 12+bin

L

0
Ot Pt P et P? ST P N SR S T T SRS S I

o

n
=]
@

o
IS

°

(=2

=
=

Relative Frequency
£ 2 o
N W

Relative Frequency

Relative Frequency
o o
L] (=]

e
Relative Frequency

o
=
(&)

o
=]

Disagreement Disagreement Disagreement Category Distance
Quantity Disagreement 2022 Allocation Disagreement 2022 Total Disagreement 2022 Category Distance 2022
0.6 1 0.6 .6
(. 5 -bin

0.5 0-bi 0.5
g 508 " & 9
c = in [ = =
ELE] g S o4 g
o T 06 o o
) IS o o
L 0.3 i T 0.3 [
E 2oa 2 2
502 5 5oz -
[F) it} [T} [t}
o4 o2 T o4 =

0

o 0 0
QQ"\Q{‘?’Q{‘!}QPQG‘DQTOQ“\Q%QQ ~ QQ}Q{‘LQ{‘bQ‘hQG‘JQcoQ"\Q%QQ ~ 00"\6{}0{‘50?6@0‘;’0"\6%09 N QQ?Q{LQ{!’Q?Q@Q@Q“\ Qﬁzﬁg h

Disagreement Disagreement Disagreement Category Distance

Figure A5. Histograms of the four similarity metrics (columns) and both years (rows) based for soil
moisture in relative terms (soil wetness index) [-] calculated with different binning (8, 10 or 12 bins).

In both Figures, the overall patterns of the histograms of all metrics stay the same.
There is not a single change in pattern. This is the most important observation, as we are
not evaluating and discussing these metrics below the 0.1-digit level at all. Hence, the
message and the findings we address are fully valid, no matter which of the three binning
sizes would be used.

Moreover, we show in Figures A6—A9 the spatial patterns (maps) of the four similarity
metrics for all years and soil moisture in absolute terms [m3 m—3] (Figures A6 and A7) and
in relative terms [-] (Figures A8 and A9), respectively. These four figures should provide
insights into the spatial distributions of the four similarity metrics. They indicate that the
spatial distributions across Europe and for larger domains (e.g., focus zones of the study)
stay stable, and the message and findings are fully valid.
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Figure A6. Maps of the four similarity metrics (rows) in 2021 for soil moisture in absolute terms
[m3 m—3] calculated with different binning (8, 10, or 12 bins) (columns).

https://doi.org/10.3390 /1518040608


https://doi.org/10.3390/rs18040608

Remote Sens. 2026, 18, 608 37 of 46

Quantity Disagreement 10 bins 12 bins

70N
65N
60N —
56N —
50N

45N

10W [1] 10E 20E 30E 40E 10w 0 10E 20E 30E 40E 1w 0 10E 20E 30E 40E

Allocation Disagrleement ‘ 8 bins

10W 0 10E 20E 30E 40E 1ow 0 10E 20E 30E 40E 10w 0 10E 20E 30E 40E

Total Dis?greement
1

70N —

65N

BON

55N

01 02 03 04 05 06 07 08 09 1
Disagreement [-]

Figure A7. Maps of the four similarity metrics (rows) in 2022 for soil moisture in absolute terms
[m3 m—3] calculated with different binning (8, 10, or 12 bins) (columns).
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Figure A8. Maps of the four similarity metrics (rows) in 2021 for soil moisture in relative terms (soil
wetness index) [-] calculated with different binning (8, 10, or 12 bins) (columns).
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Figure A9. Maps of the four similarity metrics (rows) in 2022 for soil moisture in relative terms (soil
wetness index) [-] calculated with different binning (8, 10, or 12 bins) (columns).

Appendix E. Evaluation of Statistical Models for Driver Analysis of Soil
Moisture Patterns

In this appendix, we introduce the sensitivity analysis of the beta-coefficients to the
choice of models considering spatial autocorrelation in comparison to the multi-linear
regression model for analyzing the drivers of soil moisture. This is meant to support
the results presented in Section 4.2. We acknowledge here that the multivariate linear
regression analysis (see Section 3.4 for details) is influenced by the spatial autocorrelation
within the patterns of the environmental and observational drivers.

To test the spatial autocorrelation-induced uncertainty in the driver ranking, we
tested several designs of spatial autoregressive models, which directly account for spatial
autocorrelation. Applying the same model formulation as for the linear model, several
designs of the spatial autoregressive models, such as the spatial autoregressive lag model
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(SAR), the spatial autoregressive combined model (SAC), and the spatial error model (SEM),
were investigated with differently designed and sized neighborhoods [58]:

LM: y=pX+e (A1)
with slope  and intercept €.
SAR: spatial autoregressive lag model : ¥ = pWy 4 X + € (A2)

where pWy is a term representing spatial autocorrelation in the dependent variable y, and
includes “spillover” effects from surroundings on the center cell with p being the fitted
parameter and W a weight matrix.

SEM : spatial error model : y = X +AWu + ¢ (A3)

where AWu represents the autocorrelation in the error term (unrepresented spatial pro-
cesses, such as topography in the SMAP DCA case)

SAC - > spatial autoregressive combined model : y = pWy + X +AWu+e  (A4)

SAC: represents both the spatial autocorrelation in the dependent variable and in the
error term.

All models require a weight matrix as input, which defines the considered neighbor-
hood [57,58]. We set up the neighborhoods using different weight matrices to be included
in the autocorrelation analysis. We evaluated different configurations for the weight matrix,
such as distance weighted influence that is based on k-NN neighbor search, as well as
for a pixel-based neighborhood. The pixel-based weight matrix was set up for (1) direct
neighbors, (2) 3 x 3, (3) 5 x 5 pixels, and the kNN-based weight matrix, equivalently,
with (1) 4 neighbors (called direct), (2) 8 neighbors, and (3) 24 neighbors. Differences
between those methods mainly occur in coastal areas, where a center cell is located next
to water cells, which are excluded from the analyses. Motivation behind the size of the
neighborhood is that the autocorrelation length in the soil moisture fields themselves for
the entire continent is larger than 5°. Hence, the size of clusters is big and not captured
by including direct neighbors and large-scale latitudinal and longitudinal gradients only.
The latter are considered in all models by including latitude and longitude coordinates as
variables in the statistical model. Despite the possibility to represent larger patterns, larger
neighborhoods reduce the coefficients of determination of the full model and deprive the
impact of the driver variables in the weight matrix. Therefore, larger neighborhoods with
9 x 9and 15 x 15 cells or 80 as well as 224 neighbors were investigated but not included
here. The final choice of the models for which we compared the beta-coefficients is based
on the following list:

1.  Reduction in the autocorrelation in the residuals of the spatial model against the
LM represented by the Global Moran’s I. value range: —1 representing a perfect
checkerboard pattern, 0 exhibiting random spatial distribution (no autocorrelation), 1
showing highly clustered values.

2. No considerable loss in explainable variability (coefficient of determination)

3. Log-likelihood of the model maximized within the respective model category

Table A3 shows the different criteria for the choice of the spatial autocorrelation models
and highlights (in bold) the models that were used in this study. The best configuration
could be achieved with SACs, considering spatial autocorrelation in the dependent variable
and the error term, while SARs brought significant rho coefficients, but could not reduce
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Moran’s I. The table does not include results for SEM, as none of the configurations were
appropriate for the comparison.

Table A3. Different criteria for the choice of the spatial autocorrelation models (SAR, SEM, SAC)
as well as LM (reference) and for the four different soil moisture products (SMAP DCA absolute
values [m® m—3], SMAP DCA relative values [-], IFS ECMWE absolute values [m® m~3], IFS ECMWF
relative values [-]), Bold font shows the models directly applied in the study.

Global Moran’s I 2 Likelihood Rho Lambda
kNN Pixel kNN Pixel kNN Pixel kNN Pixel kNN Pixel
direct  0.889 0.895
LM 3x3 0.866 0.842 0.787 —8.748 x 10*
5x5 0.814 0.796
direct 0.920 0.925 0.799 0.799  1.268 x 10° 1.308 x 10° 0.942 0.943
SI\:QEIESA SAR 3x3 0912 0900 0767 0722  1.203 x 10° 8782 x 10* 0949 0.892
5x5 0.938 0924 0465 0543  1.049 x 10° 7.887 x 10* 0.966 0.920
SAC direct —0.034 —0.005 0.986 0.988  1.266 x 10° 1.309 x 10° 0.804 0953  0.555 —0.059
3x3 0.004 —0.010 0987 0983  1.310 x 10° 1.168 x 10° —0.0930.053  1.015 1.027
5x5 0.033 0.039 0983 0981  1.242 x 10° 1.159 x 10° 0570 0591  1.026 1.034
direct  0.871 0.876
LM 3x3 0.845 0.833 0.527 —1.425 x 10°
5x5 0.784 0.777
direct 0.881 0.884 0.523 0.526  3.704 x 10* 3.924 x 10* 0.942 0.942
rsell‘;[gfe SAR 3x3 0862 0.890 0502 0350  3.308 x 10* 2516 x 10° 0952 0.950
5x5 0.952 0.994 —1.109 —2.437 2.245 x 10* 1.673 x 10* 0.989 0.989
direct  0.004 0.003 0952 0955  3.720 x 10* 4,012 x 10* 0952 0961 —0.119 —0.195
SAC 3x3 —0003 —0025 0942 0932  3.309 x 104 2.592 x 10* 0.946 0.820  0.081 0.531
5x5 0.019 0.013 0929 0927  2.774 x 10* 2.507 x 10* 0.747 0.636  0.855 0.954
direct  0.627 0.629
LM 3x3 0.606 0.597 0.836 —7.056 x 10*
5x5 0.552 0.546
direct 0.765 0.771 0.838 0.838  5.687 x 10* 5.819 x 10* 0.742 0.748
abglsute SAR 3x3 0713 0706 0836 0828  4.499 x 10* 3.929 x 104 0.698 0.709
5x5 0.649 0.639 0.825 0.829  3.219 x 10* 2.950 x 10* 0.662 0.659
direct —0.037 —0.048 0.963 0.962  6.568 x 10* 6.559 x 10 0.616 0.622  0.535 0.494
SAC 3x3 —0.039 —0.067 0956 0954 5741 x 10* 5.253 x 10* 0.437 0226 0.744 0.906
5x5 —0001 —0.006 0952 0949 5431 x 10* 5.105 x 10* 0450 0388  0.921 0.952
direct 0.867 0.868
LM 3x3 0.838 0.827 0.792 —8.651 x 10*
5x5 0.776 0.767
direct 0.925 0.921 0.723 0.743  1.167 x 10° 1.167 x 10° 0.958 0.953
regt?ve SAR 3x3 0.910 0.877 0710 0.728  1.054 x 10° 7.979 x 10* 0.950 0912
5x5 0.913 0.866 0542 0.662  8.336 x 10* 6.427 x 10* 0.953 0.914
direct —0.019 —0.021 0.985 0985  1.189 X 10° 1.182 X 10° 0.885 0.891 0.416 0.368
SAC 3x3 —0.001 —0.006 0983 0981  1.165 x 10° 1.076 x 10° 0.157 0.056  0.972 1.031
5x5 0.021 0.028 0977 0974  1.029 x 10° 9.670 x 10* 0.482 0.441 1.033 1.041

Afterwards, the beta coefficients of the LM are compared with those from these spatial
models that fulfill the criteria in the best way.
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The beta coefficients of all chosen models were normalized by dividing by the absolute
value of the largest beta coefficient of the respective model. Thus, the beta coefficients are
scaled between —1 and 1 to compare the relative magnitude and the signs of the coefficients.
We plot all normalized beta coefficients for the four cases (SMAP DCA in absolute values
and relative values (Figure A10), as well as IFS model runs of ECMWEF in absolute values
and relative values (Figure A11). In all plots, the LM can be compared with the four
to five additional spatial autocorrelation models, and we see that the normalized beta
coefficients have the same sign and a similar magnitude, except for the drivers that show
between +/—0.2 in the normalized beta coefficient. Here, the correlation is anyway low
and of minor importance for driving the soil moisture products and their patterns. Since
the spatial autocorrelation models state similar importance of individual drivers as the
LM, our LM-based driver analysis is at least representative for the order of priority of the
environmental and observational drivers influencing the soil moisture products (SMAP
DCA and IFS ECMWE).
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Figure A10. Comparison of the different pixel-based and k-NN neighbor-based statistical models
(LM, SAC, and SAR) for their normalized beta coefficient along the individual drivers (environmental
and observational) and their combinations (*) regarding the SMAP DCA soil moisture in absolute
terms (a) and in relative terms (b).
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Figure A11. Comparison of the different pixel-based and k-NN neighbor-based statistical models (LM,
SAC, and SAR) for their normalized beta coefficient along the individual drivers (environmental and
observational) and their combinations (*) regarding the IFS model runs of soil moisture in absolute
terms (a) and in relative terms (b).
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