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Abstract: In addition to technical issues related to the instruments used, differences between soil mois-
ture (SM) measured using ground-based methods and microwave remote sensing (RS) can be related
to the main features of the study areas, which are intricately connected to hydraulic–hydrological
conditions and soil properties. When long-term analysis is performed, these discrepancies are miti-
gated by the contribution of SM seasonality and are only evident when high-frequency variations (i.e.,
signal anomalies) are investigated. This study sought to examine the responsiveness of SM to seasonal
variations in terrestrial ecoregions located in areas covered by the in situ Romanian Soil Moisture
Network (RSMN). To achieve this aim, several remote sensing-derived retrievals were considered:
(i) NASA’s Soil Moisture Active and Passive (SMAP) L4 V5 model assimilated product data; (ii) the
European Space Agency’s Soil Moisture and Ocean Salinity INRA–CESBIO (SMOS-IC) V2.0 data;
(iii) time-series data extracted from the H115 and H116 SM products, which are derived from the anal-
ysis of Advanced Scatterometer (ASCAT) data acquired via MetOp satellites; (iv) Copernicus Global
Land Service SSM 1 km data; and (v) the “combined” European Space Agency’s Climate Change
Initiative for Soil Moisture (ESA CCI SM) product v06.1. An initial assessment of the performance
of these products was conducted by checking the anomaly of long-term fluctuations, quantified
using the Absolute Variation of Local Change of Environment (ALICE) index, within a time frame
spanning 2015 to 2020. These correlations were then compared with those based on raw data and
anomalies computed using a moving window of 35 days. Prominent correlations were observed
with the SMAP L4 dataset and across all ecoregions, and the Balkan mixed forests (646) exhibited
strong concordance regardless of the satellite source (with a correlation coefficient RALICE > 0.5).
In contrast, neither the Central European mixed forests (No. 654) nor the Pontic steppe (No. 735)
were adequately characterized by any satellite dataset (RALICE < 0.5). Subsequently, the phenological
seasonality and dynamic behavior of SM were computed to investigate the effects of the wetting and
drying processes. Notably, the Central European mixed forests (654) underwent an extended dry
phase (with an extremely low p-value of 2.20 × 10−16) during both the growth and dormancy phases.
This finding explains why the RSMN showcases divergent behavior and underscores why no satellite
dataset can effectively capture the complexities of the ecoregions covered by this in situ SM network.

Keywords: ALICE index; seasonality; phenological cycle; european terrestrial ecoregions; SM dynamic

1. Introduction

Soil moisture (SM) plays a key role in the carbon and water cycles, affecting plant
growth and decomposition processes [1,2]. Over the last 15 years, the role of SM as a central
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factor in the soil–vegetation–climate system has been widely investigated, mostly using
microwave satellite instruments. Data acquired in this spectral range are preferred because
they can be collected continuously throughout the day and in all weather conditions, being
independent of the presence of a natural source of energy (i.e., the sun), and are little
affected by interactions with atmospheric constituents [3]. Such data have been used by
different space agencies [e.g., the National Aeronautics and Space Administration (NASA)
and European Space Agency (ESA)] to produce various continental and/or global-scale
SM datasets [3,4].

The accuracy assessment of these large-scale datasets usually involves their compar-
isons with in situ SM data acquired at diverse monitoring stations, often aggregated within
specific networks that can cover different spatial scales (i.e., local, regional, continental).
The long-term accuracy of these datasets is positively affected by SM seasonality. When mi-
crowave data are used to provide soil moisture information, the latter refers to a superficial
soil layer of a few centimeters [5]. Considering that this layer is typically affected by meteo-
rological forcing, when a long-term analysis is conducted, soil moisture seasonality tends
to be similar to that of the hydrometeorological pattern in a specific area and, therefore,
positively affects the comparison between in situ and satellite SM data. Hence, to obtain
a better understanding of the capability of satellite data products to retrieve accurate SM
information, it is essential to remove seasonality from the investigated time series [6–9].

In long-term analysis, the SM signal is a combination of two main contributions:
(i) natural seasonal variations from rainfall and evaporation, and (ii) anomalies due to
human activities and/or extreme weather. In signal decomposition, SM anomalies are
residuals classified as short- or long-term variations based on their relationship with
seasonality and how they are computed.

• Short-term anomalies, i.e., high-frequency, sub-seasonal changes indicating short-term
drying and wetting events.

• Long-term anomalies that include both short-term events and deviations from the
long-term mean seasonal cycle, known as SM climatology [10].

SM climatology is vital for spatial modeling and understanding long-term temporal
changes [11]. Research into its temporal and seasonal variations in remote sensing remains
an open challenge [12–15].

In addition, when a large area is considered for the comparison between ground
and remotely acquired SM data, it is worth noting that climate variability is affected by
plant growth and transpiration within the soil–plant system. Therefore, it is important to
examine plant phenology and the development of plant organs, focusing on bud break,
the growth phases, and dormancy [16]. To understand its link with the climate system,
vegetation phenology has frequently been studied using remote sensing (RS) and spectral
indices [17,18]. However, few studies have connected SM with phenology owing to the
challenges involved in obtaining accurate SM data in dense vegetation.

In a previous paper [19], the authors compared at the ecoregion scale across Europe
the performance of the International Soil Moisture Network (ISMN) and ERA5-Land mod-
eled data to that of some SM products: (i) the satellite-derived modeled Soil Moisture
Active Passive Level 4 (SMAP L4), (ii) the satellite products Soil Moisture Ocean Salinity
INRA–CESBIO (SMOS-IC), (iii) the Advanced SCATterometer (ASCAT), (iv) the Copernicus
Global Land Service Surface Soil Moisture (CGLS SSM) at 1 km, and (v) the “combined”
satellite retrieval ESA Climate Change Initiative (ESA CCI). That work provided useful
insights into how the performance of selected SM satellite products can be affected by both
the main features of the products and the selected study area. The results highlighted ar-
eas/ecoregions where all satellite products were highly reliable as well as ecoregions where
measurements were unreliable regardless of the satellite used. This led us to speculate that
there were problems at the ground-based stations. However, distinctly different satellite
performances were observed in ecoregions that share the same in situ networks.

Therefore, in the present study, we would like to focus more closely on the contribution
of seasonality, in terms of long-term variation and the phenological cycle, to satellite and



Remote Sens. 2024, 16, 3044 3 of 15

in situ SM miscorrelation. To better assess the performance of the different SM products,
we moved from the analysis of short-term SM variations to more long-term variations (i.e.,
signal anomalies).

In addition, we investigated the impact of the phenological cycle (i.e., the phases
of vegetation growth and dormancy) on SM dynamics. SM levels are closely related to
seasonality, and SM dynamics depend on the mutual link between vegetation and water
availability, which changes seasonally. To consider both of these factors, we investigated
the SM distribution function in each ecoregion, considering the vegetation growth and
dormancy phases separately.

The SM frequency analysis is frequently employed to characterize SM dynamics [20,21],
and many studies have focused on retrieving the Root Zone SM (RZSM) from surface
measurements. For instance, Manfreda et al. [22] analyzed the conditional probability
distributions between deeper soil layers and surface layer saturation values (15–100%)
in Oklahoma (USA). They investigated soil behavior at different saturation percentages,
identifying an SM bimodal distribution for saturation levels less than 45%, referred to
as dry soil; a Gaussian distribution for saturation levels between 45% and 70%, referred
to as intermediate-level soil; and a right-skewed distribution for saturation levels over
70%, referred to as very wet soil. The key finding was that predicting RZSM from Surface
Soil Moisture (SSM) measurements became more uncertain as the surface layer water
content decreased.

Evaluating the SM distribution in terms of saturation value allows for a clearer charac-
terization of ecoregion behavior in relation to soil moisture dynamics, vegetation, and water
availability. We analyzed the ASCAT SM distribution across various ecoregions, focusing
on both overall periods and specific growth and dormancy phases to better understand the
connection between phenology and soil moisture.

The paper is structured as follows: Section 2 details the case study, data, and methods,
Section 3 reports the results and discussion, and Section 4 summarizes and concludes
the paper.

2. Materials and Methods

The impact of seasonality on the SM satellite products considered was investigated
by removing it completely, as well as by considering it at two temporal macroscales
(i.e., vegetation growth and dormancy phases). Seasonality was eliminated using the
Robust Satellite Techniques (RST) approach [23]. After seasonality was removed from the
previously examined SM products, the correlation between the long-term anomalies of in
situ SM and RS data was evaluated and matched against a similar correlation obtained
using a 35-day moving window, as proposed in [24].

In the second phase, we examined the relationship between the vegetation phenologi-
cal phases and the dynamics of soil wetting/drying at the ecoregion scale. We focused on
seasonality (without removal) and considered vegetation to preserve the “memory” of SM.

This allowed us to determine whether combining SM dynamics with large-scale phe-
nological analysis enhanced the RS ability in ecoregion detection. We analyzed the growth
and dormancy phases to assess wet or dry soil conditions, factoring in how hydrological
processes vary with daily, seasonal, and interannual changes.

The study’s core steps and general workflow (Figure 1) included the following:

1. Data preparation: SM RS data were analyzed against in situ measurements taken
within a one-hour time frame and their daily aggregation. The metrics were then com-
puted for each station and aggregated using the ecoregion median, as reported in our
previous work [19]. Based on the concept of soil moisture temporal stability [25–27],
which posits that regional information under certain conditions stores local infor-
mation, we used the results achieved for the sub-sector (in terms of median values),
including the ground stations, as representative of the whole ecoregion, as had been
done in the USA [5]. In Section 2.1, the ecoregions considered are highlighted, fol-
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lowed by a brief summary of the ISMN network (Section 2.2) and a presentation of
the SM satellite products (Section 2.3).

2. The 35-day moving window and RST anomaly detection approaches are described in
detail in Section 2.4.

3. A comparison was made between the RST-based anomalies for each satellite product
and both the pre-processed original data and the anomalies derived from a 35-day
moving window, with the results detailed in Section 3.1.

4. The identification of vegetation growth and dormancy phases via the European
Environment Agency (EEA) data is presented in Section 2.5, and the results of the eval-
uation of SM dynamics by phases and ecoregions on ASCAT are given in Section 3.2.
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Figure 1. General study workflow: the blue boxes indicate pre-processing phases, and the grey and
dark gray boxes indicate the steps related to the ALICE index and the phenological seasonality and
dynamic behavior of soil moisture (SM), respectively. The figure is adapted from [13]. Please note
that the “SM Dynamic” analysis refers to the work of Manfreda et al., 2007 in [22].

2.1. Study Area

In the Palearctic realm, Europe features six biomes: boreal forests, Mediterranean
scrub and woodlands, temperate broadleaf forests, temperate conifer forests, temperate
grasslands, and tundra. Within these biomes, there are 37 distinct ecoregions ranging from
Mediterranean woodlands to temperate rainforests and tundra.

Each ecoregion has a unique collection of plant and animal species that live together
in natural communities [28]. Ecoregions are defined by their natural conditions, such as cli-
mate, vegetation, and soil characteristics, and are important for preserving biodiversity [29].
These ecoregions are within Western Eurasia, which includes most of Europe and is the
westernmost part of the Palearctic realm. This region is divided into five sub-realms:
Greater European Forests, European Mountain Forests, Black Sea Forests and Steppe, the
Mediterranean, and the British Isles, encompassing 13 bioregions according to the Biore-
gions 2020 framework. Among these ecoregions, we are interested in those covered by the
Romanian Soil Moisture Network (RSMN):
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• The Balkan mixed forests (unique identification number 646, taken from https://
ecoregions.appspot.com/, accessed on 1 November 2022) have high biodiversity and
pronounced seasonality, influenced by both Mediterranean and Continental climates.

• The Central European mixed forests (No. 654) are characterized by a predominantly
continental climate.

• The East European forest steppe (No. 661) is a lowland region extending to the
Carpathian foothills in Romania.

• The Pannonian mixed forests (No. 674) feature extensive grasslands and are bordered
by the Carpathian Mountains in the northeast, affecting its climate and reducing
central rainfall.

• The Pontic steppe (No. 735), located in Southeast Romania, experiences a temperate
climate with notable winter rainfall.

The subset of European ecoregions representative of the investigated area, as well as
the location of the RSMN gauges, are shown in Figure 2.
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We chose to focus on these five ecoregions because they showed diverse performance
with regard to satellite product predictions of SM in our previous intercomparison [19].
In some ecoregions, all satellite results achieved good performance, whereas in others,
no satellite provided good results, although the in situ data were collected under the
same network.

2.2. Romanian Soil Moisture Network (RSMN) In Situ Measurements

The satellite products were evaluated using in situ SM measurements from the RSMN
taken from January 2015 to December 2020 at a generally assumed sensing depth of
0.05 m [30]. The RSMN is a portion of the ISMN covering Romania. It has been active since
2014, and 20 stations are still running (see Figure 2). The Romanian National Meteorological
Administration oversees the RSMN within the scope of the ASSIMO Project (http://

https://ecoregions.appspot.com/
https://ecoregions.appspot.com/
http://assimo.meteoromania.ro/
http://assimo.meteoromania.ro/


Remote Sens. 2024, 16, 3044 6 of 15

assimo.meteoromania.ro/, accessed on 1 November 2022). The network covers the above-
mentioned five European ecoregions, each characterized by a different number of stations.
Based on the SM temporal stability concept [25–27], soil moisture measurements at a local
scale can represent wider regions, as the temporal trends of point measurements are closely
linked to those of neighboring areas, as demonstrated in the USA [5].

2.3. Satellite SM Products

Several SM products that differed in terms of temporal and spatial resolution, as well
as the technology implemented (i.e., passive, active, blended), were analyzed in this study.
Their main features are reported in Table 1.

Table 1. Main features of the SM satellite products.

Acronym Type Version Units
Temporal Resolution

(Acquisition Time,
When Available)

Spatial Sampling

SMOS Passive SMOS-IC m3/m3 12 h
(6:00 a.m./p.m.) 25 km

SMAP Passive,
model-based SMAP L4 V5 m3/m3 3 h 9 km

ASCAT Active H115 and H116 % (degree of saturation) 12 h
(9:30 a.m./p.m.) 12.5 km

CGLS Active SSM—1 km V1 % (degree of saturation) 1.5–4 days 1 km

ESA CCI Combined ESA CCI v06.1 m3/m3 Daily 0.25◦

The low spatial resolution SM products used included the following:

• the SMOS-IC version 02, available at 25 km spatial resolution in both ascending and
descending (6:00 a.m./p.m.) orbits;

• the SMAPL4 v6 model assimilated product (Data Set ID: SPL4SMAU) with a 3 h time
resolution on a global 9 km modeling grid;

• the Metop ASCAT Surface Soil Moisture Climate Data Records, including the H115
Metop ASCAT SSM CDR2019 and its temporal extension H116, at a 12.5 km spatial
resolution, converted to volumetric units using a porosity map as in [31];

• the ESA CCI-SM v06.1 “combined” product at a 0.25◦ × 0.25◦ spatial resolution,
merging scatterometer-based and radiometer-based soil moisture information.

The high-resolution SM product used was the SSM CGLS 1 km, derived from the
Sentinel-1 radar backscatter signal.

A common time frame (i.e., 2015–2020) was selected for this study. As in our previous
work [19], we carried out several preprocessing operations. For example, for the H115
and H116 SSM datasets, we excluded values that were less than 0 or exceeded 100, and
filtered out data where the processing flags (PROC_FLAG) suggested that retrieval was not
completed (e.g., PROC_FLAG > 1), or where the surface state flag (SSF) specified conditions
such as unknown, unfrozen, frozen, snow-melting, or permanent ice. For more details
on the products and preprocessing workflow, please see [19]. For simplicity, the analysis
described in Section 2.5 was performed using H115 and H116 SSM data, which provided
SM directly in terms of the degree of saturation, as required for that analysis.

2.4. The Remotion of Short and Long-Term Variation in SM

Calculating long-term SM variation to completely remove seasonality usually requires
historical data records spanning several decades [32]. As these data are often unavailable,
short-term variations are usually investigated when comparing SM satellite products.
One widely recognized approach in the SM community is the use of a moving window,

http://assimo.meteoromania.ro/
http://assimo.meteoromania.ro/
http://assimo.meteoromania.ro/
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typically spanning several weeks [33,34], computed, for example, as proposed by [35] and
applied to the work of [23], as shown in Equation (1):

SM(t)ANOM =
SM(t)− SM(t, w)

sigmaSM(t,w)

(1)

where SM(t) is the remotely or in situ SM measure acquired at time (t), SM(t, w) is the signal
mean soil moisture value computed considering a period from 17 days before (t) to 17 days
after (t), and sigmaSM is the relative standard deviation. The computed signal anomaly
permits the analysis of short-term variations and minimizes the effect of seasonality.

The quality of SM data can fluctuate significantly with seasons, necessitating tem-
porally adaptive information for many applications. This study aimed to evaluate the
performance of SMAP L4, SMOS-IC, ASCAT, ESA CCI, and CGLS SSM 1 km by removing
seasonal effects through a method that accounts for long-term variability: the Robust
Satellites Technique (RST) approach [23]. The RST is an original and enhanced approach
for the long-term statistical analysis of satellite data, which has already proven to be able
to furnish valuable insights into SM variability across various spatial and temporal scales
using microwave data [9,36,37]. Moreover, it is a versatile satellite data analysis method
that has been successfully applied to mitigate various environmental and natural hazards,
including those related to the hydrogeological cycle [38–42].

By examining satellite data collected under consistent observational conditions (same
location, calendar month, and acquisition times), this technique can discriminate clima-
tological signals from short-term fluctuations, providing a robust identification of signal
transients in the investigated dataset from a statistical point of view [23]. The implementa-
tion of the RST involves two crucial stages: first, the long-term analysis of the investigated
signal to determine its expected value and natural variability, and second, the detection of
statistically significant anomalies in the signal through a change-detection analysis. The
initial stage requires gathering extensive satellite data over an extended period to ensure
uniform conditions at each pixel (x,y). These data were then analyzed to ascertain the
normal behavior of the signal, typically expressed as the temporal average and its inherent
variability, indicated by the standard deviation. The subsequent stage involves using the
Absolute Variation of Local Change of Environment (ALICE) Index to identify statistically
significant anomalies in the signal. As proposed by [23], the ALICE Index is calculated as
follows in Equation (2):

⊗SM(x, y, t) =
SM(x, y, t)− SMREF(x, y)

σREF(x, y)
(2)

where SM is the measurement for each pixel at a particular location (x,y) and time (t);
the SMREF and σREF reference values are, respectively, the temporal mean and standard
deviation of SM calculated for the same pixel, using data from all the available time series
spanning the 2015–2020 period and in the monthly temporal domain. The ALICE index
follows a Gaussian distribution in its construction, with a mean of approximately 0 and a
standard deviation of approximately 1; therefore, high absolute ALICE values are less likely
to occur [36]. We mitigated the negative impact of potential site effects using long-term
data acquired under similar climatic conditions. During the creation of the reference fields,
values beyond the outer fence (±3IQR) were excluded through quartile analysis for each
time series. This methodology was applied to both ISMN ground-based measurements
and satellite SM product time series. As for the anomalies detected using the temporal
window, the results achieved for each station were aggregated at the ecoregion scale using
the median as a reference value. We then calculated the Pearson correlation coefficient,
RALICE, and compared it with R and RANOM to evaluate satellite performance in relation to
in situ data and both short- and long-term variations.
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2.5. SM Distribution Analysis Considering the Phenological Cycle

SM is intricately connected to various ecosystem processes and serves as a key in-
dicator of climate and environmental changes [28]. Accordingly, the use of both SM
distribution and vegetation phenology can provide a more comprehensive understanding
of ecoregions’ seasonality.

We detected plant growth stages by combining data on the start of the vegetation grow-
ing season for the 2000–2016 period (https://www.eea.europa.eu/data-and-maps/data/
annual-start-of-vegetation-growing, accessed on 1 November 2022) with the length of the
growing season for the same period (https://www.eea.europa.eu/data-and-maps/data/
annual-above-ground-vegetation-season, accessed on 1 November 2022). The remainder
of the year was considered the dormancy phase.

The start of the 2000–2016 growing seasons (SVGS) is represented by a series of daily
raster files, categorized by the day of the year (DOY) and their derived linear trends (in days
per year). This series uses the Plant Phenology Index (PPI) derived from the MODIS BRDF-
Adjusted Reflectance product (MODIS MCD43 NBAR) [43]. The PPI index, optimized for
tracking vegetation phenology, is based on MODIS data processed with radiative transfer
solutions applied to reflectance in visible-red and near-infrared wavelengths. The MODIS
“land” bands (number 1 to 7) data are adjusted using a bidirectional reflectance distribution
function to simulate nadir-view conditions, eliminating cross-track illumination effects.
The start-of-season indicator is calculated from the annual PPI temporal curve using TIMES
AT software for each year between 2000 and 2016. The vegetation growing season length
(VGSL) from 2000 to 2016 is a series of raster files showing the annual above-ground
growing season length and its linear trends over the same period. PPI is also used to
detect the end of the growing season (EOS). We evaluated the satellite SM probability
distribution for each ecoregion, considering the entire period and the growth and dormancy
phases, based on three soil moisture behaviors (dry/intermediate/wet), as proposed in [22].
The ASCAT SM distributions were tested using the excess mass test, which assumes the
multimodality of the distribution as the null hypothesis following the methodology of [42]
in the R programming language.

Based on the results obtained by [22], we expected to observe a higher correlation
between the surface and root-zone soil moisture when the surface relative saturation
assumed values between 0.45 and 0.80 that refers to the so called “intermediate” level soil
condition. Therefore, RZSM and SSM may have very low correlations under drier climates.
In these ecoregions, deeper microwave penetration should provide insights into the lower
soil layers [22]. However, in ecoregions with very wet or intermediate soil conditions,
this assumption may not hold. Nonetheless, it is reasonable to expect that the probability
distribution of SSM and saturation values would be comparable to that of RZSM because
these SM measurements are correlated. Therefore, the surface layer might follow a Gaussian
distribution in the case of intermediate-level saturation conditions, whereas under wet
conditions, it could exhibit a distribution with significant right-skewness, and we could
assume a bimodal distribution under dry soil conditions.

3. Results

To provide an overview of the influence of seasonality removal in SM, we carried out
an analysis of the different ecoregions’ performances in terms of the Pearson correlation
coefficient (R) between the RS and in situ SM anomalies, as detected by using a 35-day
moving window and by using the RST approach. Moreover, the results of this analysis
were compared with the case in which seasonality was not removed (Section 3.1).

Having assessed the effectiveness of soil moisture satellite retrievals in raw data
and their short- and long-term fluctuations, we then investigated how seasonal changes
influence the dynamic patterns of ASCAT SM retrievals. In Section 3.2, we discuss the
results of the SM distribution analysis in relation to the phenological cycle.

https://www.eea.europa.eu/data-and-maps/data/annual-start-of-vegetation-growing
https://www.eea.europa.eu/data-and-maps/data/annual-start-of-vegetation-growing
https://www.eea.europa.eu/data-and-maps/data/annual-above-ground-vegetation-season
https://www.eea.europa.eu/data-and-maps/data/annual-above-ground-vegetation-season
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3.1. SM Satellite Comparison in Short- and Long-Term Variation

Table 2 presents a comparison of the performance of the different products by eval-
uating the Pearson correlation coefficient (R) between in situ SM data and (i) RS data,
(ii) short-term anomalies (RANOM) over a 35-day moving window, and (iii) long-term vari-
ations RALICE. As previously mentioned, the results for each station were aggregated at the
ecoregion scale using the median value as a reference. In Table 2, dark gray highlights ecore-
gions where a higher correlation was observed when shifting from historical series analysis
to anomalies (both ALICE index and 35-day moving window). Such an increase is unex-
pected because seasonality typically boosts correlation, indicating the sensor/product’s
poor ability to detect SM-related signals.

Table 2. Comparison of R, RANOM, and RALICE as derived from [13].

ASCAT CGLS ESA CCI SMAPL4 SMOS-IC

Ecoregions R RANOM RALICE R RANOM RALICE R RANOM RALICE R RANOM RALICE R RANOM RALICE

646 0.642 0.406 0.505 0.576 0.416 0.525 0.658 0.484 0.568 0.711 0.547 0.576 0.587 0.350 0.440
654 0.189 0.359 0.314 0.164 0.270 0.260 0.045 0.313 0.367 0.343 0.546 0.500 0.177 0.471 0.336
661 0.399 0.483 0.423 0.280 0.459 0.468 0.481 0.481 0.501 0.580 0.490 0.460 0.273 0.376 0.358
674 0.458 0.416 0.409 0.456 0.399 0.423 0.490 0.448 0.470 0.539 0.506 0.495 0.379 0.311 0.325
735 0.355 0.220 0.416 0.342 0.106 0.467 0.347 0.426 0.457 0.313 0.386 0.462 0.261 0.380 0.379

Median 0.399 0.406 0.416 0.342 0.399 0.467 0.481 0.448 0.470 0.539 0.506 0.495 0.273 0.376 0.358

The aim of this study was to determine whether SM satellite performance assessment
changed when considering long-term variations (including deviations from the long-term
mean seasonal cycle) instead of short-term ones (related to sub-seasonal changes indicating
short-term drying and wetting events) in the studied ecoregions.

The results concur with those reported in [19], showing that SMAP L4 was the best
performer, followed by ESA CCI, with CGLS performing the worst.

Regarding long-term variations, SMAP L4 and ESA CCI achieved RALICE ≥ 0.5 in
two ecoregions, while ASCAT and CGLS did so in one. All four products had RALICE ≥ 0.5
in the Balkan mixed forests (646). SMOS-IC failed to achieve RALICE ≥ 0.5 in any ecoregion.
There were additional ecoregions where one satellite achieved a correlation greater than 0.5
(e.g., SMAP L4 in the Central European mixed forests No. 654); however, these cases were
unique because R < RALICE.

Both anomaly analyses (i.e., long- and short-term) that aim to remove the effect of
seasonality on the SM should reduce the Pearson correlation value between in situ and
RS data in the same ecoregion, such that RALICE or RANOM < R. However, a correlation
performance inversion (i.e., R < RALICE or R < RANOM), occurred in two regions with
SMAP L4 and ESA CCI, and in three regions with ASCAT, CGLS, and SMOS-IC. In all
cases, these included the Central European mixed forests (654) and the Pontic steppe (735).
The long-term variation enhanced this correlation performance inversion behavior for the
active sensors (ASCAT/CGLS), showing R < RALICE, which was not observed in the case of
short-term variation, where R continued to exceed RANOM. Considering both R ≥ RANOM
and R ≥ RALICE, SMAP L4 and SMOS-IC showed similar performance in describing both
short- and long-term variations across ecoregions.

It is interesting to note that the Balkan mixed forests (No. 646) showed strong represen-
tation in both short- and long-term variations (R ≥ RALICE and R ≥ RANOM) for all SM satel-
lite products except SMOS-IC, which had RALICE ≥ 0.5. This observation is consistent with
another study on the RSMN network [44], which found a high correlation between C-band
satellite products like SWI (https://land.copernicus.eu/global/products/swi, accessed on
1 November 2022) and the RSMN network on the Getico Plateau, also in ecoregion No. 646.

Conversely, low correlation values were found near the Romanian Plain and the Do-
brogena Plateau, corresponding to the Pontic steppe No. 735 and the Central European
mixed forests No. 654. Using the ALICE index for R Pearson evaluation, RALICE confirmed
our previous findings reported in [19] and, when compared to short-term variation, showed

https://land.copernicus.eu/global/products/swi
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that in ecoregions 654 and 735, both passive and active sensors (ASCAT/CGLS) demon-
strated a higher correlation when transitioning from historical series analysis to anomaly
analysis [13]. Such an increase, obtained only using this advanced methodology for multi-
temporal analysis of satellite data acquired under effectively homogeneous observational
conditions, is surprising, as seasonality typically enhances the correlation. Accordingly, its
occurrence suggests that these ecoregions are subject to specific conditions.

3.2. Effect Induced by the Phenological Cycle on SM Dynamics

In Section 3.1, we examined the SM products’ behavior by removing seasonality
and focusing on SM anomalies. The findings suggested unique hydraulic conditions or
effects, such as the presence of subsurface scatterers [45] in ecoregions No. 654 and No. 735.
To further explore the role of seasonality, we combined SM distribution data with plant
phenological information. As detailed in Section 2.5, we analyzed the growth and dormancy
phases for each ecoregion using data from the European Environmental Agency (EEA).

For each RSMN station, we identified phenological stages and calculated the median
values aggregated at the ecoregion scale from 2000 to 2016 (Figure 3). Typically, the
dormancy phase, where vegetation does not actively use water, corresponds to wetter
conditions, while the growth phase is linked to drier periods. We computed the Pearson
correlation between SM measurements during these phases for each ground-based station
and RS data that were further aggregated at the ecoregion scale, as shown in Figure 4,
where the box plots for the ASCAT time series versus in situ measurements are presented
for the selected ecoregion.

The correlations were notably higher during the dormancy phase in ecoregions 646
and 674 (Figure 4). For the Balkan mixed forests (646), the correlation increased signifi-
cantly (mean from 0.5 to 0.7) with reduced variability, as indicated by the closely grouped
first and third quartiles in the boxplot. This aligns with the characteristics of the Balkan
mixed forests ecoregion No. 646, which experiences considerable seasonal climatic vari-
ability, with northern areas characterized by high temperatures and rainfall in June, while
the Thracian and Danubian Plains are drier, with some rainfall peaks in early summer
and winter (https://www.oneearth.org/ecoregions/balkan-mixed-forests/, accessed on
1 November 2022). This finding suggests a clear connection between phenology and soil
moisture variability, which we later combined with soil saturation data to better understand
ecoregional behavior.

In Figure 5, we explore SM patterns based on different conditions (dry/intermediate/wet)
of the ASCAT time series. This figure illustrates the SM distribution for soil saturation across
the overall, growth, and dormancy phases for each ecoregion. From the overall and growth
phase distributions, ecoregions No. 646, 661, and 674 generally show Gaussian distributions.
In contrast, the Central European mixed forests No. 654 displays bimodal patterns in both
graphs. The Pontic steppe No. 735 presents unambiguous characteristics, particularly in terms
of the overall SM distribution.
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distribution in the Balkan mixed forests (646), Central European mixed forests (654), East European
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y-value was employed depending on the sample distribution in order to avoid losing details of the
curve shape. Adapted from [13].
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In the dormancy phase (wet conditions), distributions exhibit more variability due to
increased water presence across all ecoregions: ecoregions No. 646, 661, and 674 do not
show dominant peaks, whereas No. 735 features a peak before reaching 0.75 saturation.
Ecoregion 654 maintains a consistent bimodal pattern throughout different phenological
stages, indicating clear multimodality with distinct peaks in the dry, wet, and intermediate
phases. Comparisons between the growth and dormancy phases reveal consistent multi-
modal behavior for most ecoregions except the Pontic steppe (735), which shows a large
peak at lower values during the growth phase and a large peak at higher values during
the dormancy phase. This suggests that overall, the distribution is multimodal. A possible
explanation for this multimodal pattern, especially during the dry and growth phases,
might be that the satellite measurements reflect deeper soil moisture levels, which differ
from the topsoil measurements provided by the ISMN data in this area [13].

Table 3 shows the excess mass test results, which are useful for statistically verifying
multimodality [46], estimated by considering the growth and dormancy phases and the
whole period. This method focuses on identifying a mode in a frequency distribution by
finding a significant excess mass, and the p-value is used for unimodality testing. In the
dormancy phase, all ecoregions except 661 exhibited a p-value lower than 0.05; thus, it was
easier to find a multimodality pattern even if, in some cases, it was not particularly strong
(e.g., in the case of the Pannonian mixed forests).

Table 3. Overall multimodality and multimodality test by stage for the five ecoregions as derived
from [13].

Ecoregions
p-Value

Overall Growth
Phase

Dormancy
Phase

646 0.244 0.068 2.20 × 10−16

654 2.20 × 10−16 2.20 × 10−16 2.20 × 10−16

661 0.074 0.008 0.096
674 0.032 0.002 0.014
735 2.20 × 10−16 0.002 2.20 × 10−16

From the multimodality test, the Central European mixed forests (654) had a strong
multimodal distribution in both the growth and dormancy phases (p = 2.20 × 10−16), as did
the Pontic steppe (735). However, we cannot reject the null hypothesis for other ecoregions.

These findings indicate that combining SM dynamics with phenology suggests that the
difficulties in detecting SM in the Central European mixed forests No. 654 and Pontic steppe
No. 735 may not only be due to issues with ground-based measurement stations (e.g.,
probe calibration and validation problems) as previously proposed in [19]. Instead, these
challenges could also arise from prolonged drought conditions where satellite products
measure root zone moisture, which differs from the topsoil moisture captured by in situ
measurements. This discrepancy is due to the stronger topsoil responses to weather
conditions, soil water redistribution, and root water uptake, which reduce the variability in
soil moisture and affect its temporal patterns at greater depths. Thus, the way soil moisture
patterns change on a seasonal basis (in the case of wetting and drying periods) along the
soil profile in different ecoregions can influence the uncertainty of data collected by all SM
remote sensing analyses.

Consequently, the approach proposed seems to uncover potential challenges in SM
microwave RS at the broader landscape scale.

4. Summary and Conclusions

Owing to the increasing availability of large soil moisture (SM) datasets, several studies
have assessed their accuracy at regional/continental scales, obtaining diverse results [13].
To better investigate this lack of coherence, and considering the results achieved in a
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previous study [19], in this work, we focused on the European ecoregions encompassed by
the RSMN network, performing an extensive intercomparison of five SM satellite retrievals,
namely SMOS-IC, ASCAT, and CGLS SSM 1 km datasets, as well as including SMAP L4 and
the “combined” ESA CCI. To enhance the comparisons reported in [19], we analyzed the
main reasons for the miscorrelation and/or great variability in the performance between
in situ and satellite SM measurements in this specific area. In particular, we speculated
that the miscorrelation could be related to (i) the contribution of seasonality in terms of
long-term variation and (ii) the phenological cycle.

It should be noted that there could be additional climatic and physical factors at
the origin of this lack of correlation, such as subsurface scatterers, different re-mapping
grids of satellite data, and scale discrepancies, that can add uncertainty to the retrieved
SM value. However, based on the overall results of the present study, integrating SM
dynamics with phenology allowed us to understand that some SM detection issues could
arise from specific conditions, such as the occurrence of prolonged drought phases. This is
an important update compared to [19], where the authors suggested that the unique issue
was related to the ground-based measurement stations.

In more detail, the results clearly indicate that when a long-term analysis is conducted,
it is essential to remove the seasonality contribution to obtain a more robust view of
performance. Moreover, more advanced methods, such as Robust Satellite Techniques,
should be used to effectively remove both long- and short-term seasonal effects. This is the
first relevant result that should be taken into account by the scientific community to allow
for the homogenization of protocols and guidelines for analyzing soil moisture datasets.

Using vegetation phenology coupled with SM frequency distribution can allow for a
better understanding of the low level of correlation between in situ and satellite measure-
ments in some specific areas. The incorporation of plant phenology, focusing on the growth
and dormancy phases, was essential for understanding SM distribution patterns and assess-
ing the subregions with less accuracy that were characterized by very long drying periods.
Therefore, future studies aimed at analyzing soil moisture behavior at a landscape scale
should consider vegetation presence and its phenological cycle to determine the complex
dependence of localized soil moisture on site-specific land surface properties that often
affect in situ data.

Finally, it is worth mentioning that the presence of very dry soil can negatively affect
the level of correlation between in situ and remotely measured SM data, due to the different
depths to which these measurements refer. This condition will be more prevalent in the
future because of climate change; therefore, these data need to be used with caution, with
efforts to harmonize measurement depth, potentially moving from surface SM to root zone
SM. This aspect will be the main topic of future work by the authors.
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