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Abstract: Soil moisture (SM) plays a fundamental role in the water cycle and is an impor-
tant variable for all processes occurring at the lithosphere–atmosphere interface, which
are strongly affected by climate change. Among the different fields of application, ac-
curate SM measurements are becoming more relevant for all studies related to extreme
event (e.g., floods, droughts, and landslides) mitigation and assessment. In this study,
data acquired by the advanced microwave sounding unit (AMSU) onboard the European
Meteorological Operational Satellite Program (MetOP) satellites were used for the first
time to extract information on the variability of SM by implementing the original soil
wetness index (SWI). Long-term monthly SWI time series collected for the Basilicata region
(southern Italy) were analyzed for drought assessment during the period 2007–2021. The
accuracy of the SWI product was tested through a comparison with SM products derived
by the Advanced SCATterometer (ASCAT) over the 2013–2016 period, while the Standard-
ized Precipitation-Evapotranspiration Index (SPEI) was used to assess the relevance of the
long-term achievements in terms of drought analysis. The results indicate a satisfactory
accuracy of the SWI, with the mean correlation coefficient values with ASCAT higher than
0.7 and a mean normalized root mean square error less than 0.155. A negative trend in SWI
during the 15-year period was found using both the original and deseasonalized series
(linear and Sen’s slope ~−0.00525), confirmed by SPEI (linear and Sen’s slope ~−0.00293),
suggesting the occurrence of a marginal long-term dry phase in the region. Although
further investigations are needed to better assess the intensity and main causes of the
phenomena, this result indicates the contribution that satellite data/products can offer in
supporting drought assessment.

Keywords: soil moisture; drought; climate change; soil wetness index; advanced
microwave sounding unit; Advanced SCATterometer

1. Introduction
The ongoing climate crisis threatens communities and natural ecosystems through

extreme events. Weather-related phenomena, such as heavy downpours, tornadoes,
flash flooding, and heat waves, are usually short-lived and often related to specific re-
gions. Climate-related extreme events often have a lower evolution in the spatiotemporal
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domain than previous events and may occur because of persistent weather or climate
phenomena [1]. Droughts, resulting from prolonged periods of precipitation below the
expected normal level for a specific location, are examples of climate-related extreme events.
The consequences of these episodes may be worse than those of short-term events. Five
main types of droughts have been recognized by the scientific community: meteorological,
agricultural, hydrological, socioeconomic, and ecological [2–4]. The latest has been intro-
duced recently, and indicates a water level in natural ecosystems beyond the thresholds
of vulnerability, threatening the flora, fauna, and ecosystem services [4]. Although each
drought type has its own characteristics and impacts, they are closely interconnected and
originate from a lack of precipitation. Among them, agricultural drought, namely the one
caused by a deficit in soil moisture (SM) during the plant growing season, is the most
complex phenomenon, representing one of the main natural risks under a rapidly changing
climate [5]; therefore, its monitoring and assessment are crucial for risk management [6].
Italy, given its location in the middle of the western Mediterranean and its peculiar shape,
extending over a wide latitude from north to south, is affected by drought events involving
the Mediterranean area, particularly from 1980 onwards [7]. In recent years, it experienced
a prolonged drought period between 2021 and 2023, affecting almost the entire country,
similar to those that occurred in 2017–2018 and 2011–2013, mostly related to changes in
precipitation patterns due to atmospheric circulation variation [8]. Other recent studies
investigating the drought impact in Italy have mostly focused on specific areas, such as
the Po Plain [9], central Italy [10], Calabria [11], and Umbria [12], leaving room for further
studies related to specific areas or regions.

In recent years, remote sensing-based approaches have been widely demonstrated to
provide reliable SM measurements with a good trade-off between temporal and spatial res-
olution, which is useful for many applications concerning water cycle management [13–17].
Satellite-based SM products acquired by several active and/or passive sensors have al-
ready been applied to drought assessment and monitoring at different spatial scales
(e.g., [6,18–20]). Focusing only on SM products generated using “pure” satellite-based
records, data acquired by the sensors aboard the Soil Moisture and Ocean Salinity (SMOS)
and Soil Moisture Active Passive (SMAP) missions as well as by the Advanced Microwave
Scanning Radiometer (AMSR-E) and its next generation (AMSRE-2) or the Advanced
SCAtterometer (ASCAT) have recently been used to evaluate drought conditions [21–37].
In these studies, different approaches were considered, working on daily soil moisture
products as well as on SM anomalies or considering their aggregation at different temporal
scales for investigating spatial scales ranging from regional to global, highlighting the
relevant contribution of satellite-based SM measurements for drought assessment and
management. Almost all these sensors have been developed specifically for SM retrieval,
exploiting the lower frequency microwave spectral region, which assures high soil penetra-
tion, in any case not deeper than 10 cm in the L-band (1.6 Ghz) as well as less perturbation
from atmospheric constituents and vegetation cover [30]. A few issues have affected
these sensors after their launch, such as radio frequency interference (RFI) in the L- and
X-bands limiting the areal coverage of SMOS and AMSR-E as well as the failure of the
radar onboard SMAP that limited the accuracy of SM retrieval [32]. Moreover, all of these
sensors typically have low native spatial resolution (25–50 km for SMOS, 36 km for SMAP,
38–50 for AMSRE, 25–34 km for ASCAT), which are improved in the postprocessing pro-
cess, attempting to minimize the effect of the different and heterogeneous elements present
in the satellite footprint [13,22,28]. Therefore, other satellite sensors, such as the Special
Sensor Microwave/Imager (SSM/I, [38]), WindSat [39], and the Advanced Microwave
Sounding Radiometer (AMSU, [40]), with similar characteristics but not specifically aimed
at retrieving SM, have been used.
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Focusing on AMSU, which was mostly developed for atmospheric sounding at ap-
proximately 50 km spatial resolution, Lacava et al. [40] demonstrated its potential for SM
monitoring by exploiting two of the available window channels of the sensors [41]. Specifi-
cally, the difference between the brightness temperatures measured at channel 15 (89 Ghz)
and channel 1 (23 GHz), defined as the soil wetness index (SWI), was used for this purpose,
exploiting the variation in the surface emissivity of wetter soil at these two frequencies [42].
This index was standardized following the Robust Satellite Techniques (RST—[43]) philos-
ophy to develop the soil wetness variation index (SWVI). The latter has been used with
satisfactory results for monitoring the daily SM variability at a 20 km spatial resolution in
correspondence with several flooding events that previously occurred in Europe [40,44,45].
Both the SWI and SWVI were previously computed using data acquired by the National
Oceanic and Atmospheric Administration (NOAA) satellites and have been successfully
tested and compared with in situ and modeled data to assess their capability of describ-
ing the soil moisture variability [46,47]. In addition to being onboard NOAA satellites
since 1998, the AMSU has been aboard the Meteorological Operational Satellite (MetOp)
constellation of satellites since 2006, when MetOp-A began its acquisitions. Thereafter,
the radiometer has been flying on MetOp-B since 2012 and MetOp-C since 2018, hence
assuring long-term historical series fundamental for trend and climatological analyses. In
this study, we aimed to test the potential of SWI when computed using MetOp data to infer
information about SM variability that is useful for drought assessments. In contrast to the
previous studies, in this work, apart from assessing whether the AMSU-MetOp signal can
confirm the accuracy of the SWI, we focused on monthly scale data and a larger spatial scale
of investigation without applying the RST approach. The Basilicata region (southern Italy)
was considered as the area of interest for this study. Even if several studies based on satellite
data have already demonstrated that some areas of this region are particularly prone to
land degradation [48–50] as well as the occurrence of agricultural area abandonment [51],
there has not been a work, to our knowledge, which used remote Earth observation data to
assess the drought risk of the entire Basilicata region.

Unfortunately, there are no ground-based SM measurements available for the region;
hence, we assessed the accuracy of the SWI when computed using both MetOp-A and -B
data, considering a well-established SM product developed using data acquired by the
ASCAT instrument [23,52,53] onboard MetOp satellites, whose high-quality performance at
the European ecoregion scale has recently been confirmed [13]. The almost equivalent and
sometimes better accuracy of the ASCAT SM product with respect to SMAP, SMOS, and
AMSRE has largely been demonstrated [28,54,55], confirming its high reliability. Further-
more, flying together with AMSU on MetOp satellites, ASCAT permits useful coherence
in terms of orbits and observation conditions, allowing for more consistent comparisons.
Although we are aware that such an approach might introduce some uncertainty related
to potential errors affecting ASCAT SM data, we did not consider other methods, such
as a multi-sensor validation strategy or a cross-comparison with independent ground
measurements, because they were beyond the scope of this paper. Once the reliability of
the MetOp-AMSU-based SWI was assessed and the long-term trends were determined,
we used the Standardized Precipitation Evapotranspiration Index (SPEI, [56]) to assess the
potential of historical SWI variability over the period 2007–2021 in being considered as
a potential indicator of drought occurrence. Understanding the sources and changes in
regional droughts is extremely relevant for areas with high agricultural vocation, such as
the Basilicata region, where the spatiotemporal dynamics of droughts have not been studied
extensively. In this context, long-term satellite-based robust soil moisture measurements
can provide useful support.
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2. Materials and Methods
2.1. The Study Area

The Basilicata region is located in southern Italy (Figure 1). The territory of Basil-
icata is mainly mountainous (47%) and hilly (45%), with a small flat percentage (8%),
mostly concentrated on the Metaponto Plain. The major mountains, with heights of up
to 2250 m (Monte Pollino), belong to the Lucanian Apennines and are located in the cen-
tral and western sectors of the region [57]. Climatic conditions are specifically related
to the complex orography of the region, with mountain and hill areas (i.e., above 800 asl)
characterized by a temperate-cool climate with dry summers, while the remaining sectors
of the region typically show Mediterranean features [58,59]. The average rainfall, which
shows a typical seasonal variability with high precipitation in winter and lower in sum-
mer, ranges from 529 mm to 2000 mm, and the southwest sector of the region is more
affected by precipitation [57]. The evolution of the territory has mostly been related to
the activity of the five main rivers flowing in the northwest–southwest direction, starting
from the western sector of the region: Sinni, Agri, Cavone, Basento, and Bradano [60]. The
Sinni originates on the eastern slopes of Mount Sirino and flows through the far south
of Basilicata. Its basin, covering approximately 1292 km2, is characterized by Apennine
reliefs with limestone and sandstone/clay formations. The Agri River, with a basin area of
1770 km2, runs through mountainous and hilly areas composed primarily of sedimentary
rocks. The Cavone River has a basin of 675 km2 and originates in the central-southern
mountainous area of Basilicata. Its torrential regime is influenced by the region’s geological
characteristics, which are primarily composed of sedimentary rocks. The Basento River,
the longest in Basilicata, has a basin area of 1537 km2. It rises in the northern sector of the
region and crosses various geological formations including limestone and clay-rich rocks.
The Bradano River, with a basin area of 2765 km2, runs through areas with sedimentary
and alluvial substrates. Orography and distance from the sea are the main factors affecting
the extent and type of land cover in the region (Figure A1). Dense forests, grass, and
pastures are located in mountainous areas, and sparsely vegetated areas dominate the
central-eastern part of the region. Moreover, anthropic covers devoted to agriculture are
prevalently located in lowland areas [57].

2.2. Data Source
2.2.1. Satellite Dataset

The AMSU can acquire data in 20 channels in the microwave spectral region, with a
native spatial resolution of 50 km due to two different modules (A and B) [41]. Although
the AMSU spectral features are not ideal for soil moisture retrieval, some of its channels
(those at 23.8, 31.4, 50.3, 89.0, and 150.0 GHz) are localized in window regions [61] and can
provide information on land surface parameters [62] such as soil moisture [42].

The relationship between surface emissivity and soil water content is well-established.
Primarily, adding water to the soil decreases the surface emissivity [63]; for the same
soil water content, the emissivity is higher at higher frequencies [64]. Specifically, the
slope between the low and high frequencies directly responds to the amount of radiating
surface that is liquid water [65,66]. In the presence of water, any surface can be viewed
as a combination of dry soil and water, with f representing the fractional amount of the
water-covered area within an AMSU pixel. Then, the microwave emissivity of the wet soil
in each pixel can be calculated as follows [65]:

εws =(1 − f ) ∗ εds+εws f= εds− f (εds −εw) (1)

where εws, εds, and εw are the emissivity of wet soil, dry soil, and water. As the fractional
amount of wet soil increases, the emissivity decreases, and the difference between the low
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and high frequencies increases [65]. This behavior is the basis of the SWI, which is built on
the basis of the difference between two AMSU channels, as follows:

SWI(x, y) = T89(x, y)− T23(x, y) (2)

where T is the brightness temperature measured in the AMSU channels 15 (89.0 Ghz)
and 1 (23 Ghz) measured in the cell (x,y). Positive and high values (at least >5 K) of
SWI are expected in the presence of wet soil [42]. One general assumption of the SWI is
that roughness and vegetation, unlike soil moisture, have the same effects on microwave
radiances measured in the AMSU channels at 89 and 23 GHz. Therefore, these site effects
should not affect the capability of the SWI to discriminate between dry and wet soils.
Regarding soil penetration, working in the K band, the AMSU can provide information
about the first 1–2 cm of soil, slightly lower than sensors working in the C- and X-band.
Finally, it is worth mentioning that, like other sensors working in the microwave region,
the orography variability may impact the accuracy of SM retrieval at the pixel level. A
spatial average over a larger area can help reduce this effect.

Figure 1. Basilicata region localization with an indication of the main rivers and corresponding basins.
In the gray lines, the SPEI cells are depicted, while the terrain elevation is shown in the background.
The location of the main points cited in the text is also indicated.

This study used data directly collected and processed at the satellite receiving station
of the Institute of Methodologies for Environmental Analysis (IMAA) of the Italian National
Research Council (CNR), located in Tito Scalo, close to Potenza, the capital of the Basilicata
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region (Figure 1). The acquired raw data were processed using the ATOVS and AVHRR
Pre-processing Package (AAPP) software [67]) to produce Level1D records, which consisted
of calibrated, navigated, and mapped data. In more detail, the AMSU data calibrated in
brightness temperature were mapped at the spatial resolution of the High-Resolution
Infrared Radiation Sounder (HIRS), namely at 20 km. The produced L1 data were stored
in the IMAA archive. Several automatic Level2 elaboration chains, written in Bash Shell
and the Fortran language, performed further steps devoted to the data subset in the
spatiotemporal domain as well as to the SWI computation. A specific LAT-LONG WGS84
grid with a spatial resolution of 20 km covering the entire Mediterranean area was used to
save the images. An example of an SWI map is shown in Figure 2, and the entire processing
is depicted in Figure A2. In Figure 2, the high sensitivity of the SWI to water was confirmed
by the high values achieved for seawater.

Figure 2. SWI map of the AMSU MetOp-A data acquired on 13 September 2010.

The collected historical series were limited by a few instrumental issues, such as
those related to the High Resolution Picture Transmission (HRPT) transmitter onboard
MetOp-A since 2007, which forced the transmission of nighttime (descending pass) data
over Europe to stop [68] as well as the failure of the MetOp-B AMSU channel 15 in October
2016 [69]. In early April 2021, a failure at the shaft encoder of the IMAA antenna stopped
the acquisition for almost nine months, thereby interrupting the long-series acquisition.
Table 1 summarizes the availability of MetOp-A and-B data at the IMAA archive, high-
lighting that a comparison between ascending and descending orbits can be carried out
considering MetOp-B data from the 2013 to 2016 period, and an intercomparison between
the two satellites should be based on ascending data acquired in the same period. MetOp-A
data in the ascending orbit can be used for long-term trend analysis.
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Table 1. AMSU-MetOp data availability at the IMAA archive.

Ascending Orbit
(Around 09:30 UTC)

Descending Orbit
(Around 21:30 UTC)

MetOp-A May 2007–March 2021 May 2007–February 2010

MetOp-B January 2013–October 2016 January 2013–October 2016

ASCAT is another instrument onboard MetOp satellites that has been widely used to
infer SM information [23,52,53]. It is a real-aperture radar system operating in the C-band
(VV polarization) using three fan-beam antennas with different incident angles. The main
geophysical parameter sensed by ASCAT is the backscatter coefficient σ◦, whose variability
is strongly influenced by the presence of water in the soil. Wet soils tend to exhibit higher
backscatter than dry soils because of the increased dielectric properties of water [70].

In this study, we used H115 and H116 data, which consist of daily soil moisture
products at a 12.5 km spatial resolution in the discrete global grid [71]. H115 covers the
period 2007–2018, with H116 adding the interval 2019–2022. MetOp-B ASCAT data have
been integrated since 2013 with those from MetOp-A, which have been available since
2007, to enlarge the data archive. The EUMETSAT H SAF TU Wien soil moisture retrieval
algorithm [53,70] was used to derive the relative surface soil moisture information from
long-term backscatter measurements. In this approach, soil moisture is considered to have
a linear relationship to backscatter in the decibel space, while the noise sources include the
instrument noise, speckle, and azimuthal anisotropies. The surface roughness is assumed
to have a constant contribution over time and is therefore not accounted for in the change
detection algorithm. By knowing the typical yearly vegetation cycle and how it influences
the backscatter-incidence angle relationship for each location on Earth, the vegetation effects
can be removed [70], revealing variations in soil moisture. The relative surface soil moisture
estimates are represented in degrees of saturation ranging between 0% (completely dry)
and 100% (completely saturated) and were derived by scaling the normalized backscatter
between the lowest/highest backscatter values corresponding to the driest/wettest soil
conditions, respectively. ASCAT SM daily products were collected in the same temporal
interval as the AMSU data. The available metadata were used to separate the MetOp-A
from the MetOp-B data as well as ascending from descending orbits. It is worth noting that
we used ASCAT data to assess the AMSU-based SM product accuracy because reliable in
situ measurements were not available for the Basilicata region.

2.2.2. SPEI Data

Various indicators have been developed and implemented for drought monitoring.
Among them, one of the most reliable and widely used is the Standardized Precipitation–
Evapotranspiration Index (SPEI), which is a long-term meteorological indicator with pre-
cipitation and temperature as the input parameters, the quality of which clearly affects the
SPEI accuracy, especially in data-sparse areas [56]. Recent studies in Italy (e.g., [9,11] also
indicated the good performance of the indicator for comparison with the Standardized
Precipitation Index (SPI), although it might not reflect fine-scale drought dynamics in
complex terrains like Basilicata. However, working at a monthly temporal scale, we were
less interested in high-frequency drought changes.

Historical SPEI time series were easily obtained from the Global SPEI Database [72]
with a spatial resolution of 0.5◦ and a monthly time resolution. This index uses the AO-56
Penman–Monteith estimation of potential evapotranspiration [72]. The SPEI 01 series
from 2007 to 2021 for the six pixels covering most of the Basilicata region (Figure 1) was
downloaded, and the monthly spatial average for the entire region was calculated. We
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chose SPEI 01 to provide a more homogeneous comparison with the SWI, which was
developed to infer short-term changes in soil moisture.

2.3. Method

The flowchart of the proposed methodology is shown in Figure 3, and the main steps
are described below.

Figure 3. Workflow of the proposed methodology.

The AMSU-based SWI was computed at the pixel level on a daily scale for ascending
or descending orbits, and the monthly temporal mean for the investigated periods was
then computed. Once all the maps were produced, the spatial average was computed at
the scale of each watershed and at the scale of the Basilicata region. Among the 56 AMSU
pixels covering the entire region, 11 were related to the Basento River Basin, 4 to Cavore,
8 to Sirino, and 14 to Bradano. Due to the small size of the Cavone River Basin as well
as its continuity and homogeneity in terms of climatic conditions and soil features with
the Basento Basin, we considered one single basin as the sum of 11 + 4 pixels, referring
to it hereafter as the Basento Basin. The number of processed images depends on the
length of the analyzed historical series, as described in Table 1. For the MetOp-A data in
the ascending orbit, we produced a maximum of 314 SWI maps/values for each of the
river basins investigated [Sinni, Agri, Basento (and Cavone), and Bradano], one for each
month of the year from May 2007 to March 2021, for a total of approximately 4500 images
analyzed. For the MetOp-B data, we produced a maximum of 46 SWI maps/values for
each orbit, one for each month of the year from January 2013 to October 2016, analyzing
approximately 2500 images. To avoid any signal perturbation in the detected trends, we
performed a quality check analysis focused on assessing the impact of the number of
images used for monthly map generation. A threshold of 70% of daily imagery for a
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month (approximately 20 images) was found to be robust enough to ensure consistent
achievements. Considering that in the next steps we conducted a comparison only for
common months, there was no concern with this restrictive choice, which allowed us to
perform a more robust analysis. Considering the data used in the first part of the paper, the
one related to the 2013–2016 period, only two months were discarded from the analysis,
namely December 2013 and May 2014. For the long-term trend analysis, gaps were related
to several periods: September–December 2011, August–September 2012, April–May 2014,
September–November 2016, and June 2019, indicating that the fall season was the most
affected season (twice over the 15-year period investigated).

ASCAT H115 and H116 data were processed to assure that the historical series co-
located with the AMSU data in the spatiotemporal domain. To this aim, after stratifying
the daily data based on the platform and orbits, the SM values at each of the EASE Grid
nodes were extracted and resampled at the same grid of the AMSU-MetOp data by the
nearest-neighbor method using a routine written in R language. Then, the same scheme
used for the SWI was applied, first computing the monthly temporal mean at the pixel scale,
and then the spatial average at the scale of each of the investigated watersheds. The AMSU
ASCAT time series was completed over the investigated period and was more populated
than the IMAA AMSU MetOp series because the latter suffers from some gaps due to
the overlapping of several satellites with different priorities at the IMAA satellite station,
which limited the MetOP acquisitions as well as some interruptions related to short-term
technical issues.

Once the trends for all of the analyzed signals and periods of interest (see Table 1)
were computed, we moved to their assessment as follows:

• SWI MetOp-B data—2013–2016: Agreement between series achieved considering
diurnal (ascending) and nighttime (descending) orbits at the river basin scale. An
intra-comparison between the basins was also conducted.

• SWI MetOp-A and -B data—2013–2016: Agreement between series achieved by con-
sidering nighttime (descending) orbits at the river basin scale.

• SWI MetOp-A and -B data, SM ASCAT MetOp-A and -B data—2013–2016: Agreement
between series achieved by considering nighttime (descending) orbits at the river
basin scale

• SWI MetOp-A—2007–2021: Analysis of the long-term trend of SWI variability
for MetOp-A data in ascending orbits at the regional scale, also performing an
intra-comparison between the basins. Finally, a comparison was made using
SPEI measurements.

The latter analysis was performed by spatially averaging both the monthly SWI data
and SPEI output at the Basilicata region scale. For the SWI, we used the data available for
all 56 AMSU pixels covering the region, whereas for the SPEI, such a value was achieved
as the spatial average of the six cells highlighted in Figure 1. Even if spatial averaging the
values may smooth the series, reducing the opportunity to identify some high frequency
signal, it allows for the impact of the mismatch between the original spatial resolution of
the data to be reduced.

Statistical Analysis

We performed different analyses to investigate the behavior of the data studied. The
obtained trends were analyzed in terms of p-values to assess their statistical significance.
Furthermore, the Durbin–Watson [73] and Shapiro–Wilk [74] tests were performed to assess
the level of autocorrelation and the distribution of the series. The agreement between the
produced time series was then assessed using the Pearson coefficient of correlation [75],
the root mean square (RMSE) and the normalized root mean square (NRMSE). The latter,
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computed by normalizing the RSME by the difference between the highest and lowest
values of the series, was used when comparing different signals such as the AMSU-based
SWI and ASCAT-based SM. All of these tests were performed by using the free and open
Jamovi Desktop tool [https://www.jamovi.org/] and considered only common months
between the investigated signals.

For the 2007–2021 analysis, namely that linked to drought assessment, further tests
were performed to evaluate the general behavior of the detected trends, such as the linear
slope regression and Sen’s slope [76], with the latter being less affected by outliers than
the former, resulting in a more robust test than the linear regression test. All tests were
implemented in Python 3.9.5. The SWI trends achieved for the four investigated basins
over the 15-year period were also analyzed in terms of confidence level. To this aim, the
multitemporal SWI mean and standard deviation were computed at the pixel level and
at the monthly scale, and the spatial average was then computed. Finally, the 2007–2021
trend, computed by averaging data at the regional scale, was subjected to a time-series
decomposition using a standard multiplicative model to assess the effect of seasonality on
the detected trend. To achieve this aim, the gaps in the time series were filled by considering
the previously achieved multitemporal mean values for the missing months. If the SWI
map/value for June 2019 was not computed, its value was obtained as the spatial mean of
the multitemporal average computed using all of the SWI data recorded for June from 2007
to 2020.

The results of the above-mentioned tests are reported in Appendix A.

3. Results
The different analyses performed and the results obtained are described in detail in

the following sections. In the graphs shown in Sections 3.1–3.3, information about the
achieved Pearson coefficient, RMSE or NMRSE, and the p-value is reported. When both
series had p-values < 0.001, this information was indicated only once. All of these outputs
together with the results of the Durbin–Watson and Shapiro–Wilk were also reported in
the corresponding images in Appendix A. It is worth noting that all of the series had
Shapiro–Wilk values close to 1, satisfying the normality test, which justified the use of
the Pearson coefficient as a reliable test for the correlation assessment as well as for the
definition of the confidence level considered in Section 3.4.

3.1. The Consistency of SWI Product

The first analysis focused on assessing the consistency of the SWI when using the
same platform, namely MetOp-B, but considered the ascending and descending orbits
separately in the 2013–2016 period. In Figure 4, the SWI trends for the ascending and
descending orbits are shown for each basin, whereas in Figure A3, all of the results of the
statistical analysis are reported. All trends had p-values < 0.001, indicating their statistical
significance, and the Shapiro–Wilk test results were close to 1, satisfying the normality test.
Durbin–Watson tests were very close to 2, indicating almost no autocorrelation, or a very
small positive or negative autocorrelation of the considered trends.

A clear seasonality was evident in all graphs, with the highest values recorded during
the rainy season (i.e., winter) and the lowest values in the driest period of the year. As
expected, higher mean values were obtained for the descending (i.e., nighttime) passes
because the ascending passes were affected by the solar radiation contribution, which tends
to dry the soil. The Sinni Basin (Figure 4b) showed a higher SWI time series, indicating
that the area was wetter than the other three regions. This result is consistent with the
precipitation features of the region, with the southwestern sector being more affected by
rain as well as the geological features of the Sinni catchment, which has a higher limestone

https://www.jamovi.org/
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formation than the others. The trends showed very high similarity, apart from some intra-
and inter-shifts in a few positive/negative peaks, indicating a time-lag in and among the
basin behaviors. The highest SWI values were recorded in all basins in February and March
2013 and 2015, respectively. In any case, the good agreement between the trends was
confirmed by the Pearson coefficient of correlation r, which ranged from 0.71 for Sinni to
0.85 for Bradano. The highest variability in the orography of the Sinni River Basin explains
this achievement. A low RMSE error was found, generally around 0.6 K and was not
higher than 0.8 K for the Sinni River Basin, confirming the low level of discrepancy between
the measured series. In the absence of any intercalibration between the data acquired in
diurnal and nighttime conditions, the achieved difference may be associated mostly with
this variability. Such an analysis was not useful in the context of this study, nor one focused
on assessing the impact of seasonality on the achieved short-term trends, because in this
section, we only assessed the consistency of the AMSU-based SWI regardless of the orbit.

   

   

Figure 4. Monthly variability of the SWI values spatially averaged over: (a) Agri Basin; (b) Basento
Basin; (c) Bradano Basin; (d) Sinni Basin. Data were collected by MetOp-B in ascending (blue line) and
descending orbits. In each panel, the p-values of both the series, the Pearson coefficient of correlation
(r), and the RMSE between the series are also reported.

Further analysis focused on assessing the intercorrelations among the basins.
Table 2 presents the corresponding matrix of the obtained correlation coefficients (r). Con-
tiguous basins showed higher correlations than distant basins, indicating their high similar-
ity in precipitation patterns and soil characteristics. Furthermore, all basins showed a high
correlation with the analysis performed at the whole Basilicata region scale, suggesting
good representativeness of the mean conditions of the investigated area. In the absence of
any spatial statistical testing, it is quite difficult to understand whether observed correla-
tions reflect true physical processes or merely spatial redundancy due to the proximity of
the measurement units. This aspect will be the object of future investigation,
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Table 2. Correlation (r) matrix for all of the trends shown in Figure 4.

MetOp-B Asc

Agri Basento Bradano Sinni Basilicata

Agri ---

Basento 0.90 ---

Bradano 0.78 0.94 ---

Sinni 0.94 0.85 0.69 ---

Basilicata 0.95 0.98 0.92 0.90 ---

Mean 0.91 0.94 0.86 0.88 0.95

MetOp-B Des

Agri Basento Bradano Sinni Basilicata

Agri ---

Basento 0.95 ---

Bradano 0.88 0.94 ---

Sinni 0.91 0.85 0.78 ---

Basilicata 0.97 0.97 0.95 0.90 ---

Mean 0.94 0.94 0.85 0.89 0.96

3.2. Correlation of SWI Variations by Using Different Satellites

We then checked whether such independence was also confirmed by moving from
one platform to another by comparing the SWI values collected by both MetOp-A and -B
during their overlapping period (i.e., 2013–2016) for ascending passes, as shown in Figure 5.
The same layout as in Figure 4 was used, with the full results of the statistical tests shown in
Figure A4. All trends had p-values < 0.001, indicating their statistical significance, and the
Shapiro–Wilk test results were close to 1, satisfying the normality test. The Durbin–Watson
tests were very close to 2, indicating almost no autocorrelation, or a very small positive or
negative autocorrelation of the considered trends.

   

   

Figure 5. Monthly variability of the SWI values spatially averaged over: (a) Agri Basin; (b) Basento
Basin; (c) Bradano Basin; (d) Sinni Basin. Data were collected by MetOp-A (blue line) and MetOp-B
(red line). In each panel, the p-values of both the series, the Pearson coefficient of correlation (r), and
the RMSE between the series are also reported.
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The overall results were similar to those shown in Figure 4, confirming the presence of
a clear seasonality, the wetter behavior of the Sinni River Basin, and the presence of some
positive SWI peaks in late winter 2013 and 2015. Again, apart from some discrepancies,
good agreement was evident, as confirmed by the reported r values. The Basento and
Bradano River Basins showed the best performance, with an r value higher than 0.85, while
both Agri and Sinni reached an r of 0.77. The coherence among the results was more evident
when considering the RMSE values, which were never higher than 0.8 K. Considering
that we did not perform any calibration between the sensors, these results confirm the
independence of the SWI from the platform considered, highlighting the sensitivity of the
AMSU sensors as well as the indicator to different soil moisture conditions.

3.3. Correlation of SWI Products Derived from AMSU and ASCAT

After assessing the capability of the SWI to provide consistent results regardless of
the orbit and platform used, we proceeded with the accuracy assessment of the results. To
this end, we used the SM reference values provided by ASCAT, and to obtain homogenous
datasets, we normalized the MetOP-B-SWI values based on the maximum and minimum
values acquired over the period in each basin, following the same approach used for AS-
CAT [54]. The results are shown in Figure 6, which has the same layout as in Figures 4 and 5.
In each panel, the main metrics are indicated, and full details are provided in Figure A5.
As previously mentioned, considering the different signals measured by the AMSU on the
MetOp and ASCAT satellites, the NRMSE was used in this analysis. All of the trends had
p-values < 0.001, indicating their statistical significance, and the Shapiro–Wilk test results
were close to 1, satisfying the normality test. The Durbin–Watson tests were generally
slower than 2, indicating a small positive autocorrelation of the considered trends.

Generally, a high similarity between the two sensors was observed: seasonality was
confirmed, and the main peaks were almost equivalent in terms of temporal occurrence,
with some discrepancies in terms of relative intensity. This difference was due to the
different periods used for the maximum–minimum value research, which in the case of
AMSU data were forced to the 2013–2016 period, while for ASCAT, they ranged in the
2007–2022 temporal interval considering both H115 and H116 data. Notwithstanding this
issue, plus the difference between AMSU and ASCAT in terms of observation technology,
spatial resolution, and spectral range of observation, a good agreement was observed
between the two sensors, as confirmed by both the correlation values, which ranged from
0.67 to 0.80, and the achieved NRMSE, which varied from 0.129 to 0.177. While the mean
NRMSE values achieved under diurnal and nighttime conditions were equivalent (~0.15),
r was slightly higher for descending orbits (0.77 instead of 0.75).

Considering the well-known reliability of ASCAT SM data [17,40], this result confirms
the findings of previous studies in which the SWVI and SWI computed from the NOAA
satellite data were compared with in situ data [59,63], indicating the good capability of
the AMSU sensors, regardless of the satellite system considered, in providing useful and
accurate SM variability information for the study area.

3.4. Long-Term Variation of SWI for Basilicata Region

Once such a capability was assessed, we moved to a long-term analysis considering
the data acquired by MetOp-A in the ascending orbit in the 2007–2021 period; the results
are shown in Figure 7. The results of the Durbin–Watson (DA) and Shapiro–Wilk (SW)
tests are reported in the figure. All of the trends had p-values < 0.001, indicating their
statistical significance, and the Shapiro–Wilk test results were close to 1, satisfying the
normality test. The Durbin–Watson tests were slightly less than 2, indicating a small
positive autocorrelation of the trends considered. The confidence interval of each series
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is also reported in the graph, built as the multitemporal mean ± 2 standard deviation.
Considering the high level of normality shown by the series, this interval encompassed
95% of the data.

   

   

   

   

Figure 6. Monthly variability of the normalized MetOP-B SWI values and ASCAT measurements spatially
averaged over (a,b) the Agri Basin, (c,d) Basento Basin, (e,f) Bradano Basin, and (g,h) Sinni Basin.
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Figure 7. Monthly variability and corresponding confidence interval of the normalized MetOP-A
SWI values and the ASCAT measurements spatially averaged over (a) the Agri Basin, (b) Basento
Basin, (c) Bradano Basin, and (d) Sinni Basin. The linear trend for each series is also reported.

A clear coherence with the results achieved for the short period investigated was
evident (Figure 5). Seasonal variations were confirmed as well as a wetter behavior of the
Sinni River Basin with respect to the others, with the Bradano and Basento showing almost
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similar patterns. This was confirmed by the matrix of the correlation coefficient values
reported in Table 3, which also confirmed the results of the previous analysis based on
MetOp-B in the 2013–2016 period.

Table 3. Correlation matrix (r) for all of the trends shown in Figure 7.

Agri Basento Bradano Sinni

Agri --- Agri

Basento 0.90 --- Basento

Bradano 0.81 0.92 --- Bradano

Sinni 0.90 0.90 0.73 --- Sinni

Basilicata 0.94 0.94 0.92 0.86 Basilicata

Mean 0.87 0.91 0.87 0.83 Mean

Considering the confidence interval, the monthly trends showed a few outliers. An evident
increase in SWI was observed for all basins, except for Sinni, in December 2018–January 2019.
A negative peak occurred in November 2013 for all basins except Basento, while a common
one was observed in Jul–Aug 2020. The Agri River Basin was the most affected by negative
outliers. The causes of these signal anomalies deserve further analysis beyond the scope of
this study.

The trends were analyzed in terms of their slopes to assess their general behavior
(Table 4). The two tests aimed at identifying trend slopes showed very similar results,
indicating a declining trend in the SWI in all of the investigated basins. This suggests the
occurrence of a dry phase that affected the entire Basilicata region during the study period.

Table 4. Main features of the trend shown in Figure 7.

Agri Basento Bradano Sinni

Linear regression slope −0.00598 −0.00595 −0.00797 −0.00646

Sen’s slope −0.00580 −0.00588 −0.00693 −0.00668

3.5. Assessing Drought Process

The 2007–2021 SPEI 01 series for the six pixels covering most of the Basilicata region
was downloaded, and the corresponding monthly spatial average is shown in Figure 8a.
The SWI trend for the entire Basilicata territory is shown in Figure 8b.

The SPEI indicated an increasing occurrence of droughts characterized by different
temporal durations in Basilicata, with fewer short episodes (i.e., flash droughts), espe-
cially in the first half of the considered period (2007–2014). However, recent studies
have indicated that droughts can also develop rapidly under extreme atmospheric con-
ditions (e.g., precipitation deficits and heat waves) within a few pentads (i.e., five days)
or weeks [67]. In the second half of this period (2014–2021), more prolonged events were
observed. Linear regression and Sen’s slopes were also evaluated for the SPEI trend, with
values ranging from −0.00284 to −0.00303, indicating a declining evolution of the indica-
tor, with drought phases exceeding the wet period. Similar results were obtained for the
SWI trend at the Basilicata region scale, with similar results of approximately −0.00525,
indicating a decrease in the SM content. To better assess the relevance of this result, we
applied a standard multiplicative model to the series, achieving the deseasonalized trend
shown in Figure 9. Linear regression and Sen’s slopes provided almost similar results of
approximately −0.00575, confirming the value previously achieved.
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Figure 8. Representation of the (a) SPEI01 variability and corresponding confidence interval averaged
over the Basilicata region territory. (b) Monthly variability of the MetOP-A SWI values averaged over
the Basilicata region territory.

 

Figure 9. The dashed line is the monthly variability of the MetOP-A SWI values averaged over
the Basilicata region territory (as black line in Figure 8b). The orange lines are the corresponding
deseasonalized series and trend.

4. Discussion
Understanding the soil moisture dynamics is essential for managing water resources,

forecasting droughts, and developing sustainable agricultural practices [77]. In this study,
we analyzed the SM variability using an SM index extracted from the AMSU radiance and
applied it to drought analysis in the Basilicata region for the first time. The achievement
indicated a marginal decrease in the values of the soil wetness index, with a negative
trend of 0.00525 over the 15-year period investigated. In the absence of any ground
information about the soil moisture content variation, it is quite difficult to assess the
relevance of the detected phenomenon and its impact on water resources at the regional
scale. However, several studies have demonstrated that the region is affected by land
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degradation [48–51,57,78], confirming the presence of favorable environmental conditions
for drought development. As an example, in late 2024, some portions of northern Basilicata
experienced very low levels of precipitation, which limited the delivery of drinking water to
39 municipalities in the region, including Potenza, the capital of Basilicata [79], highlighting
the need of implementing more comprehensive monitoring systems, where information
about the soil moisture variability can play a crucial role.

As previously mentioned, this study is the first to investigate the Basilicata region’s
behavior in terms of the soil moisture variability for drought assessment. The entire
Mediterranean area, also defined as southern Europe, was analyzed in [80–82]. Their
findings generally agree with each other regarding the detection of drought conditions
in the latest year. More recently, Mirauda [83] investigated a small subset in the northern
area of the Bradano River Basin by analyzing ground-based precipitation and temperature
trends from 2000 to 2022, with the main aim of assessing the impact of climate change
on agriculture in the study area. Ground-based measurements were used to develop and
test different standard drought indices, the SPI [84], the Reconnaissance Drought Index
(RDI) [85], and the SPEI, whose analyses revealed a trend toward more severe drought
conditions in the most recent years of the period investigated, confirming the results
achieved in this study. Among the indices, the SPI was found to be the best for achieving
the aim of their work. Moreover, precipitation data were identified as being more relevant
for drought assessment, with temperature variability playing a minor role.

The proposed approach has several limitations, which have already been introduced.
The absence of ground-based soil moisture data is the main limitation, which we tried to
address using the ASCAT SM product, exploiting the concurrent presence of the AMSU on
MetOp satellites that allowed for common observations. Although the high reliability of the
ASCAT product is well-recognized, unknown biases or uncertainties may have affected the
analysis of the SWI accuracy. The use of other sensors, a multi-sensor validation strategy,
or a cross-comparison with independent ground measurements were beyond the scope
of this study and will be object of future work. In any case, the installation of in situ SM
monitoring stations would help collect data that are useful for assessing both the reliability
of satellite measurements and drought occurrence. The recent Space It Up project, funded
by the Italian Space Agency [86], would allow for such an installation in the near future,
focusing on the development of an SM network that integrates low-cost small sensors with
at least one cosmic-ray station. This would allow for a homogenous cover of the entire
region, representing an added value for all future studies focusing on analyzing climate
change impacts in southern Mediterranean areas. The idea is to have one station on each
of the main watersheds analyzed in this study to allow for total coverage of the region
in terms of geographic location, climatic conditions, and soil characteristics. As for the
SMAP, SMOS, AMSRE, and ASCAT, the coarse spatial resolution of the AMSU allows for
the recording of a radiance value that is a combination of signals by the different elements
present in the scene, which have different emissivities. Even if the band combination used
for the SWI computation reduced the impact of some of them, a residual contribution
may have affected the results. Variations in the roughness of the surface as well as in the
topography have also contributed to the impact that we tried to minimize by working at
a large spatial scale. The different spatial resolutions of the data used in this study were
addressed by resampling the ASCAT data at the same spatial resolution as the AMSU. For
the comparison with the SPEI, considering that it was made at the entire Basilicata region
scale, we did not perform any rescaling. Finally, it is worth mentioning that using other
drought indicators, such as the SPI, could have allowed for a better understanding of the
phenomenon at the regional scale.
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A clear understanding of the root causes of the detected trends, which was beyond the
scope of this study, will be the focus of future studies. The integration of other information
about long-term temperature variability with precipitation using ground data would allow
for a broader view of the problem including an analysis of the impact of evapotranspiration.
These data can also be used to develop and test some of the most common drought
indicators (such as the SPEI, the Standardized Precipitation Index—SPI, the Drought
Observatories Soil Moisture Index Anomaly—SMA, the Drought Severity Index—DSI, the
Palmer Drought Severity Index—PDSI, . . .). Moreover, the SM data produced by other
microwave active and/or passive sensors (for example, SMOS, SMAP, and Sentinel-1 SAR)
could be used and combined to perform a more comprehensive analysis. Finally, the
extension of the SWI variability study to the NOAA satellite datasets would allow for a
longer time-series analysis, starting in 1998, which could be extended in the spatial domain.
Several precautions should be taken during this dataset enlargement because, in contrast
to the MetOp satellite, which can assure a stable orbit during the entire platform life, the
NOAA satellites are exposed to orbital drifts. Using only a subset of the NOAA data when
the orbits were still stable would allow for a consistent extension of this dataset. Such
long-term data availability will also allow for implementing different strategies for data
analysis, aggregating data at different temporal scales (from weekly to multi-year scales),
and investigating the corresponding temporal anomalies. The SWVI can be used to infer
high-frequency soil moisture variation, thereby reducing the impact of site effects.

The analysis performed in this study, based only on satellite data, can be easily
exported to other geographic locations, which could also be characterized by climatic
conditions different from those of the Basilicata region.

5. Conclusions
Constant and continuous monitoring and the forecasting/early warning of droughts

are essential for implementing adequate mitigation strategies at the onset of the phe-
nomenon. In this study, we used soil moisture information developed using the AMSU
radiances acquired by the MetOp-A and -B satellites to infer drought occurrence in the Basil-
icata region (southern Italy). The data were directly acquired and collected at the satellite
station of the Institute of Methodologies for Environmental Analysis, located in Basilicata.

The proposed indicator, the SWI, achieved mean correlation coefficient values with
an ASCAT higher than 0.7 and a mean normalized root mean square error less than
0.155, indicating its good reliability in assessing the SM variability. A marginal negative
trend in the SWI during the 2007–2021 period was found using both the original and
deseasonalized series (linear and Sen’s slope ~−0.00525). In the absence of any ground
information about the soil moisture content variation, it was quite difficult to assess the
relevance of this detected trend, even if it was confirmed by the SPEI (linear and Sen’s
slope ~−0.00293). Further work is needed to better assess the relevance and intensity of the
process and to link it to the land degradation process affecting the region. Using satellite
sensors that are more focused on soil moisture, such as the SMOS, SMAP, and AMSR-E,
or at high spatial resolution (Sentinel-1), would allow for a more detailed view of the
phenomenon in progress. This information could be crucial for several stakeholders, such
as regional governments, civil protection agencies, and individual farmers, fostering better
management of water resources. In addition to the agricultural scope, water collected in
Basilicata is essential for the citizens living in the region and the neighboring Puglia region,
and the recent emergency related to water availability in Basilicata highlights the relevance
of the study and the results obtained.
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Figure A1. Basilicata region. Corine Land Cover Class 2018, version 2020.

Figure A2. The AMSU elaboration chain implemented at the IMAA.
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Figure A3. Results of the statistical analysis of graphs shown in Figure 4.
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Figure A5. Results of the statistical analysis of graphs shown in Figure 6. (a) Ascending orbits
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