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Abstract: Monitoring soil moisture at the Earth’surface is of great importance for drought early
warnings. Spaceborne remote sensing is a keystone in monitoring at continental scale, as satellites can
make observations of locations which are scarcely monitored by ground-based techniques. In recent
years, several soil moisture products for continental scale monitoring became available from the
main space agencies around the world. Making use of sensors aboard polar satellites sampling
in the microwave spectrum, soil moisture can be measured and mapped globally every few days
at a spatial resolution as fine as 25 km. However, complementarity of satellite observations is a
crucial issue to improve the quality of the estimations provided. In this context, measurements
within the visible and infrared from geostationary satellites provide information on the surface
from a totally different perspective. In this study, we design a new retrieval algorithm for daily soil
moisture monitoring based only on the land surface temperature observations derived from the
METEOSAT second generation geostationary satellites. Soil moisture has been retrieved from the
retrieval algorithm for an eight years period over Europe and Africa at the SEVIRI sensor spatial
resolution (3 km at the sub-satellite point). The results, only available for clear sky and partly cloudy
conditions, are for the first time extensively evaluated against in-situ observations provided by the
International Soil Moisture Network and FLUXNET at sites across Europe and Africa. The soil
moisture retrievals have approximately the same accuracy as the soil moisture products derived from
microwave sensors, with the most accurate estimations for semi-arid regions of Europe and Africa,
and a progressive degradation of the accuracy towards northern latitudes of Europe. Although some
possible improvements can be expected by a better use of other products derived from SEVIRI,
the new approach developped and assessed here is a valuable alternative to microwave sensors to
monitor daily soil moisture at the resolution of few kilometers over entire continents and could reveal
a good complementarity to an improved monitoring system, as the algorithm can produce surface
soil moisture with less than 1 day delay over clear sky and non-steady cloudy conditions (over 10%
of the time).
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1. Introduction

Soil moisture at the surface of the Earth affects everyday life of people across the globe.
The infiltration and hence soil moisture influence various meteorological processes [1], natural hazards
as floodings [2], land slides and droughts, depriving populations of agricultural yield due to lack of
soil moisture. Hence, water required to irrigate fields in semi-arid areas determines the long-term
natural resources availability at regional level and may impact local [3] to international economics and
policy [4,5].

Since late 1980’s, efforts, based on numerical meteorological modelling, have resulted in estimation
of soil moisture at continental scale [6]. Yet, observation-based systems are required for realistic data
without a priori knowledge. This aspect is especially important in regions where few ground-based
observations are available to confront model results with reality. The launch of the first Earth-observing
satellites into space brought hopes and promises in characterizing and monitoring the Earth natural
resources [7], especially water [8]. Njoku and Entekhabi [9] were among the first to use sensors
aboard polar orbiting satellites for retrieving soil moisture. Recent success stories in near-real
time soil moisture monitoring at global scale at 25 km resolution independently from the weather
type are with micro-wave sensors [10–12], with a revisiting time of one or two passages per day.
Geostationary satellites, initially designed for weather monitoring and forecasting, have long been
discarded from this research effort. However, the imagery in the visible and infra-red spectra covers
whole continents at a few kilometers resolutions in less than an hour and is potentially powerful in
detecting rapid changes of the land surface [13]. They can potentially reduce the noise in data of
other satellite sensors by bringing a wealth of observations every day. The Spinning Enhanced Visible
and Infrared Imager (SEVIRI) instruments onboard the european Meteosat Second Generation (MSG)
satellites provide 96 images per day in the visible and infra-red spectral bands, providing a detailed
information on the sub-daily variations of the atmosphere and the surface.

Information from infrared spectral channels of sensors can be converted to a physical land surface
temperature [14]. From the early 1980s, the thermal inertia concept, consisting of linking the amplitude
of the surface heating over a day with the quantity of water present in the soil [15–21], has been
applied to space-based observations [20,22–24]. This concept has been applied with various degrees
of success to local and regional studies [25–29], and though most studies based on thermal inertia
show potential for soil moisture monitoring, the success of this measurement methodology has not
be quantified for large datasets so far. With the increasing interest on dynamical water resources
assessment, new international initiatives [30] have brought a wealth of soil moisture ground-based
observations to the public through a unique internet-based platform, otherwise locally managed,
pushing forward model developments and remote sensing validation exercises. With these new
opportunities, we applied a new retrieval algorithm based on the thermal inertia concept to SEVIRI
observations over European and African continents, spanning an eight years period (2007–2014).
Its success could be quantified in an extensive sample of climate zones, therefore filling some of
the gaps left by other studies on thermal inertia by providing quantitative information regarding its
accuracy and performance against in-situ ground measurements in a large panel of conditions.

Thanks to its unprecedented temporal and spatial observation resolution, the SEVIRI instument
allows an accurate estimation of the daily surface heating rates, allowing a well-sampled tracking of
soil moisture, for clear sky and partly cloudy weather over semi-arid areas. In this paper, we present
first the new approach of the thermal inertia model. Then, to characterize the accuracy of the resulting
soil moisture time series, we present the comparison with in situ measurements and discuss the
limitations of both the method and the data.

2. Material and Methods

Thermal infra-red sensitive channels aboard satellites are particularly suited to derive land surface
temperature (LST) by clear sky conditions. LST can be derived from two spectral channels [14], or even
from a single thermal channel [31]. The impact of soil moisture on the land surface temperature is
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evident [32] and several attempts have been carried out to derive soil moisture from thermal imagery
for various landscapes, at different scales and spatial resolutions, using the thermal inertia property of
surface elements. The concept of thermal inertia is the following: a surface element with high thermal
inertia will heat and cool more slowly than a surface element with a low thermal inertia, subjected to
the same radiation. This concept does apply to compare different surface materials: sandy soil has
a low thermal inertia compared to most rocks, and so heat and cool more rapidly. This technique is
very popular in geological and planetary sciences (e.g., [33]). Thermal inertia property also applies
to changes in the same soil over time, as it depends on soil moisture [32,34]. A soil with high soil
moisture has a higher thermal inertia than the same soil when it is dry. Over time, detection of changes
of thermal inertia at the same location can help to detect variations of soil moisture [35].

Various approaches have been suggested to derive soil moisture from thermal inertia
variations observed from space. Two popular approaches are: the establishment of direct
empirical relations between soil moisture and the changes in land surface temperature [26,28,35–37]
and physical approaches, based on the estimation of evapotranspiration from land surface
temperature changes and the deduction of soil moisture (for example Merlin et al. [38] using
polar satellites, and Wetzel et al. [39], Anderson et al. [40], Hain et al. [41], Parinussa et al. [42] using
geostationary satellites).

In several studies, at least two polar satellites passes are used to derive a soil moisture index
based on land surface temperature, exploiting the diurnal heating or the heating over several
days. While polar orbiters offer the possibility of global data coverage, these data are generally
exploited for local applications. They are often limited by the relatively low temporal sampling
and further hampered by cloud coverage and deficient cloud screening or atmospheric correction.
Geostationary satellites offer an interesting alternative to polar satellite because of their high temporal
sampling rate at the expense of coarser spatial resolutions. Verstraeten et al. [35] (referred as V2006)
made a first attempt to derive a soil moisture index from thermal inertia concept and MSG/SEVIRI
data for various forested sites across Europe during a vegetation period spanning April to October.
The methodology proposed in V2006 is fairly simple and easily applicable, but does not exploit the full
capabilities of the satellite, as it only uses two observations per day, as would be the case for a system
of one sun-synchronous polar orbiter like MODIS/Terra or Aqua. The methodology has been further
examined in Van Doninck et al. [37], where reconstructed LST signal from MODIS suite of satellites
(4 overpasses per day) was used over Southern Africa and also more recently by Garcia et al. [26]
with MSG/SEVIRI data over two sites in Mali and Southern Spain. It has been shown that a more
robust estimate could be obtained by using a full morning dataset of LST, as Stisen et al. [43] showed
for evaporative fraction from the same satellite. The present derivation has been built upon those
previous studies to set up a new simple model to retrieve a soil moisture estimate from a single input
variable, the MSG/SEVIRI LST produced by the Land Surface Analysis Satellite Application Facility
(LSA-SAF) [44].

2.1. A New Thermal Infrared-Based Soil Moisture Retrieval

The new method for soil moisture retrievals presented here is based on the assumption that the
algorithm can rely on only thermal infrared (TIR) observations from geostationnary satellites over
entire continents. More specifically, we focus on the MSG/SEVIRI land surface temperatures (LST),
and the exploitation of its exceptionnal temporal sampling, to derive surface soil moisture, not only
for fully clear sky days, but also for days with intermittent cloud cover. In the following section,
we describe the satellite data, the advantages and disadvantages of the data, the calibration of the
empirical retrieval algorithm, and the processing methodology used to generate daily averaged surface
soil moisture maps.
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2.1.1. MSG Satellite and Its SEVIRI Sensors

The necessary input variables are derived from thermal infrared data acquired by the SEVIRI
sensor onboard the series of MSG satellites of the European Organization for the Exploitation of
Meteorological Satellites (EUMETSAT).

SEVIRI is one of the sensors aboard MSG suite of satellites. SEVIRI has 12 spectral channels
recording the radiance from the Earth in the visible, near infrared and thermal infrared wavelengths.
Every 15 min the whole field of view of MSG, covering Europe, Africa, South America and Middle
East, is scanned in all the considered wavelengths. SEVIRI has a spatial footprint of 3.1 km at the
sub-satellite location. Because of its position at the equator and of the associated angle of view
(Figure 1), the spatial resolution is variable over the field of view and the surface elements are not seen
from the same perspective.
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Figure 1. The viewing zenithal angle (VZA) from MSG/SEVIRI, expressed in degrees, is varying over
the study area.

Several EUMETSAT decentralized thematic centers, called Satellite Application Facilities (SAF),
have been created to generate further exploitations of its satellites, including the MSG suite.
One particular component focus on land surface: the Satellite Application Facility on Land Surface
Analysis, LSA-SAF [44]. Several variables of interest for the land surface and land-atmosphere
transfers are produced in near-real time over the entire SEVIRI field of view using MSG/SEVIRI
acquired data. The thermal infra-red channels are particularly exploited for the generation of the land
surface temperature (LST). The LST product is estimated every 15 min for clear-sky areas using a
split-window algorithm applied to brightness temperatures measured in the 10.8 and 12.0 µm [45] of
the SEVIRI instrument. The reported accuracy from comparison over selected locations in Portugal,
Senegal, and Namibia, is of the order of 1.7 to 2.7 K, with a bias generally less than 1 K [46–49]. LST is
provided with uncertainty bars and a quality indicator reflecting the state of the input data or the
nature of the surface. Over the period covered by this study, from 2007 to 2014, consecutive versions of
retrieval algorithm have been used to generate LST maps, versions 5.0 to 7.7, mostly including minor
changes to files technical specifications (attributes) (http://landsaf.ipma.pt), and 2 changes of satellites,
although the longest period was covered by MSG-2: MSG-1 (1 March 2007–10 April 2007, operating
from 3.4◦ longitude west), MSG-2 (11 April 2007–20 January 2013, operating from 0◦ longitude), MSG-3
(21 January 2013–31 December 2014, operating from 0◦ longitude).

Because of the specific view of the MSG satellites, LST derived from MSG can be affected by
anisotropy effects and be not fully compatible in all areas with devices operating with other viewing
geometries. Vegetation density and structure play a role, affecting for example the observation of
shaded and sunlit areas [50]. In a hotspot configuration, the surface is seen by the sensor within a few
degrees of the sunrays direction, and an enhancement in the land surface temperature retrieved is

http://landsaf.ipma.pt
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observed [51]. Another cause that can affect the retrieval is the estimation of the humidity in the total
thickness of the atmosphere [46].

2.1.2. The Soil Moisture Retrieval Algorithm

Initial Signal from the Land Surface Temperature

In the present study, we compute morning surface heating rates per pixel through linear regression
on LST data between local dawn and noon, excluding one hour on each side of the time series [43],
therefore aiming at exploiting the daily changes of thermal inertia. A surface submitted to the same
water stress has been evidenced to exhibit higher amplitude of LST diurnal cycle under high than
under low insulation Garcia et al. [26], Verstraeten et al. [35], Van Doninck et al. [37]. Therefore, in those
studies, the daily amplitude of the LST signal was normalized by an astronomical factor accounting
for seasonality in sun zenithal angle. This was also supported by Prigent et al. [52], where LST
amplitudes were normalized with incoming solar radiation. Here, because we derive heating rates
and not amplitude, we already take into account the length of the morning, and no normalization
is needed. An error range is calculated indicating the goodness of the linear fit: a poor linear fit can
find its roots in a change of atmospheric conditions within the sampling period, a systematically poor
cloud masking, or a rain event occurring during the estimation period.

Geometric Correction

Because of the specific viewing geometry of MSG/SEVIRI the heating rates should be corrected
from viewing anisotropy effects. The correction we apply follows other studies for correction of LST
observations from geostationary satellites (Ermida et al. [53] for MSG/SEVIRI, Vinnikov et al. [54]
for GOES). It consists of a multiplicative factor accounting for the effects of surface heterogeneity
and land use, see Equation (1), and relies on viewing zenith angle (VZA) from the satellite, θsat and
the solar zenith angle, θsun. It is composed of two additive kernels, the emissivity and solar kernels,
incorporating several effects related to shading and hotspot.

HRMSG
HRVZA=0

= 1 + AΦ(θsat) + BΨ(θsun, θsat) (1)

Φ = 1 − cos(θsat) (2)

Ψ = sin(θsat)cos(θsun)sin(θsun)cos(θsun − θsat) (3)

Because the major effect on heating rates is expected to be from surface heterogeneity, we use
the set of Equations (1)–(3) to correct the heating rate calculated in the view of the satellite HRMSG
to nadir view. The emissivity kernel parameter (Equation (2)) is set constant, A = −0.2. A map of
the constant of the solar kernel (Equation (3)), B, has been obtained by calculating the ratio of the
maximum heating rate obtained per pixel (percentile 97 of the distribution) with the regional average
of maxima (60 × 60 pixels), such as effects from terrain complexity are clearly visible (not shown).

Calibration

Because higher heating rates appear in water stress affected regions, the signal is generally
inversely correlated to the soil moisture. A linear relation between soil moisture and heating rate or
normalized difference of temperatures is usually assumed. However, no evidence of that linearity has
been provided over a large set of conditions. A series of adaptations have therefore been brought to
the original algorithm to account for the behaviour of the signal locally observed. The selection of the
model and its calibration was based on pairing daily soil moisture in-situ measurements with daily
heating rates, estimated from at least 40% of daily LST measurements and smoothened by a low-pass
exponential filter with a decay time of 3 days, at a single calibration site (Tojal, Portugal) over one
year (2007), which present the characteristic to have clear moist and dry seasons, and a low vegetation
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cover. Soil moisture and heating rates have been both normalized between 0 and 1. Three functions
have been tested (linear, exponential, double exponential) and the coefficients optimalized using the
bayesian inversion algorithm Shuffled Complex Evolution Metropolis algorithm, SCEM-UA [55].

As a result, the relation with the smallest residuals was selected: it is exponential (Equation (4)),
increasingly sensitive to variations towards high soil moisture contents (Figure 2), with k1 = 1.6,
k2 = −1.05 and k3 = −0.6.

SSM0−1 = k1.exp
(

k2.
HR − HRmin

HRmax − HRmin

)
+ k3 (4)
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Figure 2. The exponential relation between daily heating rates and ground measurements of surface
soil moisture at Tojal, Portugal, has been calibrated with the SCEM-UA algorithm. Each parameters is
determined as the median of the probability density function.

Processing Steps

The production of daily averaged surface soil moisture (SSM) from MSG/SEVIRI LST follows the
following sequence:

• Daily surface heating rates (HR) are computed for each pixel on land, by a linear regression
through the LST observations from 1 h after dawn to 1 h before noon. Only the HR computed
with at least 10% of LST over the morning are retained.

• The heating rates are corrected for the viewing anisotropy effects (Equation (1)). The inclusion
of this viewing anisotropy correction has effects, for example, at latitudes above 40◦N and in
hilly areas, where it forces the signal to exhibit a larger soil moisture in winter, which is not seen
without the correction.

• The heating rates are normalized between the minimum Min and maximum Max, determined
pixelwise as the value corresponding to respectively 97% and 3% of the cumulative distribution
function of the pixel heating rates over one year. The thresholds have been chosen as to avoid
false extremes caused by wrong detection of clouds, dust or any failure in the retrieval of the LST.
Because full variability of soil moisture between the wilting point (pwp) and the field capacity (fc)
can be assumed if the series is sufficiently long, the extrema could be set to fc and pwp, as proposed
by V2006.
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• The exponential function is applied on the normalized corrected heating rates, resulting in daily
surface soil moisture estimates (Equation (4)).

• A low-pass filter is applied, because of day-to-day apparent variability of the thermal inertia
making the time series instable for some periods [37], an effect that maybe due to aerosol load
variations, wind speed at the surface or fuzzy geolocation of the MSG/SEVIRI signal. It consists
of a running exponential filter over the previous 30 days, with a characteristic time T = 3 days
(Equation (5)), which allows to smoothen the signal with moderate loss of day-to-day information.
This has been shown to be also beneficial for ASCAT SM products [56], while low-pass filters have
been shown to reduce noise on SMOS soil moisture product [57].

SMFinal(tn) =

n
∑

i=n−30
SM(ti) · e−(

tn−ti
T )

n
∑

i=n−30
e−(

tn−ti
T )

(5)

2.2. Validation Material

2.2.1. In-Situ Soil Moisture Measurements

Datasets have been acquired for 8 yearly periods from March 2007 to December 2014 across
Europe and Africa. Half-hourly measurements, if available, or hourly measurements otherwise, of soil
moisture at depths of 2, 5, 10 or 30 cm have been made available from CarboEurope, CarboAfrica [58],
AMMA [59–62], SMOSMANIA [63,64], REMEDHUS [65,66], HOBE [67], UMSUOL, CALABRIA,
PERUGIA, VAS, UMBRIA [68–70], COSMOS [71] and UDC-SMOS [72] networks, with 161 station-years
in total, sampling Spain, Portugal, Italy, France, Denmark, Mali, Niger, Sudan, Germany, Senegal,
South Africa and Kenya (Figure 3).

Figure 3. The validation sites of the soil moisture retrievals are spread over Europe and Africa, some
are situated in challenging environments or settings for satellite remote sensing in terms of complexity
of landscapes or topography. Most of the validation sites are grouped in networks, sharing same
measurement methodologies, but not necessarily grouped geographically.
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The in-situ set-up of the networks intent to provide local observations of soil moisture under
various land cover types (coniferous, broadleaf or mixed forests, grasslands, croplands, wetlands,
savannahs) submitted to a large range of climatic regimes. Sites considered for the validation are listed
in Table 1, together with information on geographical location, climate regime, ground measurement
depth and measurement technique (see Albergel et al. [73] for an overview of the various experimental
set-ups). When possible, at least two yearly periods have been selected per site, with a sampling of
the first years of operations of the LST product and of more recent years, where overlap is possible
with other missions, for instance SMOS. Each time series has been rescaled between 0 and 1, 0 being
considered as the permanent wilting point and 1, the field capacity.

2.2.2. Soil Moisture Products from Microwave Sensors

In addition, available products from current soil moisture missions have been used to compare
their relative fit to the proposed retrieval during clear sky conditions. Products derived from the
operational EUMETSAT MetOp/Advanced Scatterometer (ASCAT), an active sensor, and the research
European Satellite Agency Soil Moisture Ocean Salinity Earth explorer mission (SMOS), a passive
sensor. Both operate in the microwave domain, C-Band (5.255 GHz) and L-Band (1.4 GHz) respectively,
and provide global imagery at 25 to 50 km and 35 km resolution every 1 to 3 days, respectively.
The retrieval principles for both ASCAT and SMOS products can be found in Srivastava et al. [74].

Table 1. In-situ soil moisture datasets used in this study.

Soil Moisture Soil Layer Number of Years Measurement
Dataset Depth (cm) Stations Technique/Device

AMMA (West Africa) 5 13 2007–2012 TDR CSC616
REMEDHUS (Spain) 5 21 2007, 2010 TDR CSC616
UMSUOL (Italy) 10 1 2010 TDR 100
UDC-SMOS (Germany) 5 4 2010 IMKO TDR
CALABRIA (Italy) 30 1 2010 ThetaProbe ML2X
Hydrol-Net-Perugia (Italy) 5 1 2010 TDR-SM Eq Corp TRASE-BE
UMBRIA (Italy) 5–15 3 2010 ThetaProbe ML2X
VAS (Spain) 0–5 1 2010 Stevens Hydraprobe
HOBE (Denmark) 0–5 18 2010 Decagon 5TE
CarboItaly (Italy) 2 5 2007, 2008, 2010, 2011 TDR
CarboEurope (Spain & Portugal) 0–5 5 2007, 2010, 2011 ThetaProbe ML2X
CarboEurope (France) 2 2 2007, 2010, 2011 TDR
CarboEurope (Belgium, Netherlands) 0–5 4 2007, 2010, 2011 TDR
CarboEurope (Swiss, Germany, Hungary) 0–5 4 2007, 2008, 2010 TDR
SMOSMANIA (France) 5 12 2007, 2010, 2011 ThetaProbe ML2X
SMOSMANIA-E (France) 5 9 2010, 2011 ThetaProbe ML2X
CarboAfrica 6 1 2007–2011, 2013 TDR
COSMOS - 5 2007–2009, 2014 CosmicRay Probes

In this study, we have used the ASCAT SSM L3 product delivered as time series granules by the
EUMETSAT Hydrology SAF (H25 product, http://hsaf.meteoam.it) for its easy handling of time series.
The SMOS SSM L3 product has been obtained for the period starting at 1 January 2010 from the Centre
Aval de Traitement des Données SMOS (CATDS) (http://www.catds.fr/). Both products have global
coverage. Time series files for ASCAT H25 and daily files for SMOS SSM L3 are provided with the
instantaneous retrievals, the time of acquisition and the acquisition mode (descending or ascending).
In most files, there are one to two observations per day. The spatial resolution of the products is
25 km, with sampling at 12.5 km, for ASCAT H25 [75] and 25 km for SMOS L3. A buffer zone on
land surface at the coast is foreseen by the products. Because SMOS and ASCAT L3 products are
instantaneous, the direct comparison with MSG/SEVIRI derived daily soil moisture was not possible.
Therefore, we applied a running exponential filter with a decay time of 3 days to smoothen the signal
from instataneous values to daily values. It follows a similar strategy as used to produce the soil
water index (SWI) product from MetOp/ASCAT SSM in the frame of Copernicus Global Land Services
(http://land.copernicus.eu/global/ [56]).

http://hsaf.meteoam.it
http://www.catds.fr/
http://land.copernicus.eu/global/
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2.3. Benchmarking Protocol

The time series of daily soil moisture derived from TIR remote sensing have been compared to
daily averaged local surface soil moisture measurements. Time series are compared to time collocated
daily averaged surface soil moisture data. The statistical scores, the standard deviation of both
observations and remote sensing retrieval, the root mean square difference between both datasets
(RMSD), the bias (in-situ minus satellite) and the correlation coefficient (R), have been calculated for
each time series [73].

A synthesis of the statistical scores is presented in a Taylor diagram [76], which allows both
a quantitative evaluation of per-time series comparison and a visual interpretation of how the site
specific scores compare to each other. It requires the standard deviations from all retrievals to be
normalized by the standard deviation of each individual in-situ dataset. Visually, the distance between
the observation and the retrieval point gives the relative performance compared to other points.
The normalized standard deviation (SDV) indicates if the remote sensing based retrieval can reproduce
the locally observed variability: underestimated if less than 1, overestimated otherwise. The correlation
coefficient indicates the match in the temporal evolution of the soil moisture, at both diurnal and
seasonal scales: 1 is perfect match. In-situ data are represented by a point on the x axis at R = 1
and SDV = 1, every single time series comparison is displayed in polar coordinates. For the ease of
interpretation, we group the results by network, and by climate classes, according to Köppen-Geiger
classification [77], reflecting a variety of precipitation and air temperature regimes.

The validation is carried out on the total set of sites, where environmental conditions seem to be
the best suitable for MSG/SEVIRI (marked in bold in Table 2), and also encompassing conditions that
can be not optimal, but can nevertheless showcase the performance of the new method.

It is clear that a mismatch can be expected between local observations and retrieval from satellite
data because of the difference in spatial scale between the observations and remote sensing data [78].
Though this issue has not been considered in Albergel et al. [73], higher correlation between coarser
scale soil moisture retrieval and local observations may be found if the local nature of the surface
corresponds to the coarse pixel. Several sites are concerned with this representativity issue at
MSG/SEVIRI scale. For example, both SMOSMANIA transects in Southern France are concerned in
our study: the South-Western transect (SMOSMANIA) consists of sites situated in heavily irrigated
areas during summer, and both transects, but mostly the South-Eastern (SMOSMANIA-E), consists of
sites nested in hilly to montaineous landscapes. The mapping tool available from french government
(http://www.geoportail.gouv.fr/accueil) suggests irrigation fractions within a MSG SEVIRI pixel
being around 80% for Montaut and Urgons, between 20% and 80% for Sabrès, 60% around Créon
d’Armagnac, 30% around Savenes, between 10% and 20% around Peyrusse-Grande, and less than
5% around Lézignan, Saint-Félix, Lahas and Narbonne. As MSG/SEVIRI is expected to be sensitive
to irrigation effects, this will obviously lead to discrepancies. In order to get the most benefits from
the SMOSMANIA observations, the statistical scores have been calculated for both the annual time
series and on a reduced time series, excluding only the Summer irrigation period, which extends
from 20 June to 20 August for maize, the dominant crop type in the area [79], and the results reflected
in the comparison with SMOS and ASCAT derived products. For SMOSMANIA-E, some sites are
situated at the bottom of steep slopes, leading also potential discrepancies with the satellite signal
which encompass terrains at higher altitudes, and slopes (Figure 4).

(http://www.geoportail.gouv.fr/accueil
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Table 2. Climate classification of sites and grouping in this study. The number of sites that seem
optimal are marked in bold. The reasons for non-optimality are classified in 3 classes: 1 proximity of
large water body, 2 proximity to large irrigated areas, 3 set in a location which topography does not
reflect the neighbourhood within the 5 km.

Climate Stations

Tropical Savannah(Aw) AMMA (2), CarboAfrica(1), COSMOS (2)
Arid Steppe hot (Bsh) AMMA (4), CarboAfrica (1)
Arid Steppe Cold (Bsk) VAS (1), REMEDHUS (20), CarboEurope (1 3)
Arid Desert Hot (Bwh) AMMA (7), CarboAfrica(1)
Arid Desert Cold (Bwk) CarboEurope (2)
Temperate Dry Hot Summer (Csa) SMOSMANIA(-E) (1, 1 1), Calabria (1 3), Hydrol-Net-Perugia (1 3),

CarboEurope (2, 4 1,2,3)
Temperate Dry warm Summer (Csb) SMOSMANIA(-E) (2,2 3 ), CarboAfrica (1)
Temperate without dry season, warm summer (Cfb) Umbria (3 3), SMOSMANIA (1, 1), COSMOS (1)
Temperate without dry season, cold summer (Cfc) CarboEurope (6), SMOSMANIA(-E) (1, 6 2,3)
Temperate dry winter hot summer (Cwa) CarboAfrica (1), COSMOS (1)
Temperate dry winter warm summer (Cwb) COSMOS (1)
Cold without dry season, cold summer (Dfc) UDC-SMOS (4),

HOBE (18),
SMOSMANIA(-E) (5 2,3)

Figure 4. The topography around some SMOSMANIA-E sites is not favourable for MSG/SEVIRI soil
moisture validation (two examples shown): the contrasts in topography within one pixel do not allow
a fair comparison, as noted in the correlation results obtained in this study. Red and green markers
indicate the location of the site within its overlapping MSG/SEVIRI pixel.

3. Results

The comparison of surface soil moisture time series shows that the remote sensing data and model
seem well adapted to reproduce the observed signal in regions where vegetation is experiencing water
stress: seasonality and shorter fluctuations are very well reproduced over arid to semi-arid areas of
Spain and Africa, while the signal tends to be noisier and less correlated for temperate sites of Southern
France, with scattering increasing for higher latitudes (Figure 5). The retrieved signal is discontinuous
at African sites, mostly during the wet season, and at temperate sites throughout the year because
of persitent clouds during entire days. For the temperate sites, the retrieved soil moisture captures
the dry spells and wet events, however the signal does not match very well the observed amplitude
over most SMOSMANIA sites during summer, e.g., St Felix, possibly due to intensive irrigation in
the region, as expected (see another example in Figure 6). For the site in Germany, the estimations are
less accurate and sparser, a summertime dry spell is correctly retrieved from the satellite information,
but another one in Spring is not detected in the local measured soil moisture. For Spain, soil moisture
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is globally well retrieved compared to in-situ observations. For sites in Africa, the seasonal course is
well reproduced, apart from isolated apparent wet events, e.g., in Agoufou, Mali, which coincide with
strong dust storm. In this case, the amplitude of top-of-atmosphere brightness temperatures in the
infrared spectral window tends to be attenuated over high aerosol loads, if not identified, these may
be wrongly interpreted as a wet event. This will be further discussed in the next section.

The statistical scores for each yearly dataset grouped in averages by network and climate zones
are provided in Table 3 and Figure 7, along with additional information about the number of daily
observations used. This latter information reflects both the availability of the soil moisture retrieved
from the satellite and availability of local observations. Averaged correlations for Sahelian (AMMA
network) and Iberian sites (REMEDHUS, CarboEurope ES & PT) are around 0.7 (0.69, 0.75 and 0.68,
respectively), and with values as high as 0.87 (Figure 7). Retrievals over Southern France and Italy are
less correlated to in-situ data, with averages between 0.45 and 0.55, except for one site in CALABRIA
which exhibits even lower correlation. Correlations tend to decrease with colder climates. While high
correlations are found for the group of sites with Aw climate with an average correlation of 0.81,
average correlations between 0.61 and 0.69 are found for the Arid climates (BSk, BSh, Bwk, Bwh).
Correlations for the temperate climates C range between 0.44 and 0.66, except for one site (Cwb, 0.88).
The cold climate Dfc present a low average correlation of 0.36. Retrievals have a bias around 10%,
but a variability comparable to observations. In Figure 7, it is clear that the retrievals have a variation
fairly comparable to the observations, with a normalized standard deviation between 0.5 and 1.5 and
centered around 1. For most climate groups, the variability of correlations is contained in intervals of
approximately 0.2, such that the average correlation gives a good idea of the performance in each class.

Highest scores are found in semi-arid and arid areas with a strong annual cycle in the precipitation
regime. Less high correlations are found in Southern France and in Italy, where results are more
scattered, and low correlations are found in temperate cold Europe, where variability of soil
moisture is not dominated by an annual cycle. This result is not in agreement with the findings
of Verstraeten et al. [35], who reported high correlations for european forested sites, with an average
correlation of 0.556, during the growing season 1997. Possible explanations for this lower correlation
for temperate Europe can be a less accurate retrieval of land surface temperature due to a large viewing
angle of the surface and associated problems (a long optical path through the atmosphere leading to a
weakened signal from the surface compared to noise generated by atmospheric motion, azimuthal
anisotropy effects) and to a decreased contrast in the thermal infrared signal in the presence of denser
vegetation covers, that, for Europe, increases with latitude.

Compared to the results of Prigent et al. [52], higher correlations have been found in the present
study, which can be attributed either to the modifications of the model or to the selected regions.
The application of V2006 model with MODIS data by Veroustraete et al. [80] revealed correlations
varying between 0.17 and 0.85 with an average of 0.56 against TDR observations at six sites in
China at 1 m depth (deeper than in this study). In a recent study, Zhao and Li [27] reported low
correlation between soil moisture from SEVIRI and local observations at the REMEDHUS network,
presenting poorer validation results than those shown here. Compared to studies combining two
sources of satellite data, for example SMOS and MSG/SEVIRI [81] or ESA CCI and MODIS [82],
the results from MSG/SEVIRI alone presented here show a better correlation for daily values for both
SMOSMANIA and REMEDHUS sites, which shows the potential of such combinations of products.
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Figure 5. Comparison of daily surface soil moisture retrieved from MSG/SEVIRI LST (black) and
measured locally (grey), for a set of 8 sites from different networks and climates: Agoufou (Mali,
AMMA, BWh), Demokeya (Sudan, CarboAfrica, BWh), Dahra (Senegal, AMMA, BSh), Cathedral
Peak (South Africa, COSMOS, Cwb), Guarena (Spain, REMEDHUS, BSk), Las Majadas del Tietar
(Spain, CarboEurope, Csa), St Felix (France, SMOSMANIA, Cfc), Friedling (Germany, UDC-SMOS, Dfc)
(from (top left) to (bottom right)).
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Figure 6. The quality of sites representativity within the SEVIRI pixel affects the statistical results
obtained. In Sabrès (France), soil moisture retrievals from SEVIRI (black) compares well with ground
observations (grey) except in Summer: intensive irrigation is detected, while the ground observation
are taken at a non-irrigated site. Removing the summer improves the statistics.
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Figure 7. Statistical scores of the comparison between local observations and soil moisture derived
from LSASAF LST, presented in a Taylor diagram. Each colored point represents the comparison for
a set of data at a in-situ validation site. Codes of colour indicate the climate type region associated
to the data. Average of correlations par climate type is represented with bigger symbols next to the
correlation curved axis.

The comparison with SMOS and ASCAT products as described in the methodology section allows
the observation of similarities and disagreement between the observation techniques from space.
In Figure 8, three sites have been chosen to showcase some of those comparisons, which have been
extended to all the datasets from 2010 to 2014 and synthetized in Figure 9. The visual comparison of the
time series show very good consistency of the satellite retrievals for the site in REMEDHUS network
in Spain: a clear marked seasonal pattern and weekly fluctuations are in agreement with the satellite
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retrievals, although not always exactly in line with the ground observations, especially during summer
precipitation events. The comparison over a site in the Southern Spain in 2011 shows a high consistency
between surface soil moisture from SMOS, MSG and the ground observation, but a different seasonal
pattern from ASCAT SSM, which is quite rare within the datasets examined. The comparison over
Agoufou in Mali in 2007 reveals a better consistency of MSG surface soil moisture with observation
during the onset of rainy season, while the end of wet season and the beginning of the dry season is
equally well reproduced by ASCAT and MSG retrievals. At the end of the dry season (day 100 to 180),
MSG retrievals are affected by the attenuation of the signal by aerosols, while ASCAT surface soil
moisture shows a consistent dry condition of the soil. These are only visual illustrations of agreements
and disagreements between space-based retrieval of surface soil moisture. A more extensive analysis
has been conducted to better classify the performance of the three retrieval techniques, and the result
presented here.

Table 3. For each network, the average statistical scores of the comparison between the satellite
retrievals and the in-situ observations shows the geographical variability of the performance of the
developed retrieval strategy. The retrievals are the most accurate over the Mediterranean region and
Sahel, and less correlated to soil moisture observations in temperate Europe.

Datasets R Bias RMS obs/yr (Mean) st-yr

AMMA 0.69 0.17 0.26 202 29
CALABRIA 0.19 0.02 0.21 48 1
COSMOS 0.88 0.09 0.16 154 5
CarboAfrica 0.54 0.10 0.25 170 7
CarboEurope

BE&DE&NL 0.39 −0.09 0.30 71 6
FR&IT&CH 0.45 −0.01 0.29 150 9
ES&PT 0.75 0.10 0.21 221 10
HU 0.33 −0.07 0.27 112 2

HOBE 0.24 0.06 0.29 77 18
Hydrol-Perugia 0.56 −0.25 0.35 183 1
REMEDHUS 0.68 0.04 0.21 208 24
SMOSMANIA 0.39 0.08 0.29 139 26
SMOSMANIA-E 0.54 0.04 0.25 171 14
UDC-SMOS 0.48 −0.16 0.21 103 4
UMBRIA 0.50 −0.11 0.25 163 2

Climate
Aw 0.81 0.12 0.21 171 8
Bsh 0.65 0.17 0.27 192 16
Bsk 0.64 0.03 0.22 202 26
Bwh 0.61 0.18 0.27 223 11
Bwk 0.69 0.12 0.23 244 2
Csa 0.58 0.07 0.25 182 17
Csb 0.53 0.12 0.26 159 8
Cwa 0.60 0.07 0.18 122 2
Cwb 0.88 0.14 0.17 126 1
Cfb 0.66 0.06 0.22 156 6
Cfc 0.44 0.01 0.27 139 22
Dfc 0.36 0.00 0.29 107 41

Scores for various networks are similar to results obtained with ASCAT and SMOS products,
which are available at coarser resolution than SEVIRI [73]. The results presented here reveal higher
correlations for REMEDHUS, HOBE, UDC-SMOS, but lower correlations for the SMOSMANIA sites.
The comparison of the in-situ observations with the datasets from the three different families of sensors
aboard satellites, i.e., MSG/SEVIRI, MetOp/ASCAT and SMOS, reveals the high complementarity of
the systems for clear to partial cloud cover days over the different climate zones of Europe and Africa
(Figure 9). While ASCAT derived daily soil moisture outperforms SMOS for 8 groups over 9 in terms
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of averaged correlation, SMOS derived soil moisture displays best scores for CarboEurope sites in Italy
and for Southern African sites. For the AMMA sites, there was no common timeframe for SMOS and
in-situ data, except for Dahra, Senegal, where corrrelation of 0.75 was found.
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Figure 8. The comparison of MSG/SEVIRI (black), SMOS (magenta) and ASCAT (cyan) products
(low-pass filter applied) with observations (red) at sites show sometimes strong consistency (R13,
REMEDHUS Spain), or disagreement (Llano de los Juanes, Spain and Agoufou, Mali).
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Figure 9. The correlation (average (crosses), distribution (boxplot with median, inter-quartile and
extrema)) of the SEVIRI retrieval with ground observations is compared to scores obtained with
SMOS L3 and ASCAT H25 products. Highest correlations for SEVIRI are obtained in five groups.
* Correlation is improved with SEVIRI when removing summer season due to irrigation in the
SMOSMANIA area (second box). ** SMOS only available for a selection of site-years.
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The soil moisture derived from MSG/SEVIRI in this study performs best over the two other
systems in the REMEDHUS, SMOSMANIA-E, CarboEurope-Spain/Portugal and AMMA sites,
suggesting a good capability of the new system to monitor surface soil moisture for semi-arid and arid
climate zones with a marked dry season (Aw, BSk, Csb). The exclusion of the irrigation period in the
evaluation of the TIR based soil moisture at the SMOSMANIA sites shows an improved correlation,
from 0.40 to 0.50 in average, in agreement with the scores obtained at SMOSMANIA-E sites.

4. Discussion

The method used to retrieve daily soil moisture has several limitations, related to the nature of
the surface, the composition of the local atmosphere and the geometry of viewing, as most remote
sensing data for surface analysis from space do. A dense vegetation cover will probably screen or alter
the signal from the soil, daily retrieval is not possible for persistent cloudy situations, while transport
of dust by wind induces wrong estimations if not properly accounted for. Similar limitations have
been documented for the triangle method in [83]. The two last factors are discussed here to give an
insight on limitations.

4.1. Availability of Retrievals

Compared to retrievals from microwave sensors aboard polar satellites, the proposed retrieval
algorithm has the advantage of being based on high repetition rate data at spatial resolution of 3 to
5 km. However, no information on the surface can be retrieved under persistent cloudy sky situations,
contrarily to microwave sensors such as ASCAT onboard MetOp satellites. This inherent limitation
due to the observing system affects the use of the retrieval for continuous monitoring of soil moisture.
We have analyzed for each year between 2007 and 2011 the proportion of days that were sampled
with a sufficient accuracy by the retrieval algorithm over the five years. The respective seasonal
averages (December to February, March to May, June to August, September to November) are shown
in Figure 10. This analysis reveals that most temperate Europe is sampled less than 10% during winter.
Over most of the African continent, the availability varies between 90% during the dry season and
down to 40% during the rain season. The Western coast of central Africa could be only sampled up to
30% due to almost constant cloud coverage even during the dry season [84].
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Figure 10. Tri-monthly availability of daily soil moisture retrieval averaged over 5 years. Cloud cover
affects the number of available retrieval, especially over the equator and during winter over Europe.
Sahelian regions are well sampled.
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Figure 10. Tri-monthly availability of daily soil moisture retrieval averaged over 5 years. Cloud cover
affects the number of available retrieval, especially over the equator and during winter over Europe.
Sahelian regions are well sampled.

4.2. Aerosol Loads and Wind Speed

During the annual dry period over Sahel and Sahara desert, apparent wet events are seen in
the soil moisture retrieved from remote sensing. However, such events are not supported by local
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observations of soil moisture. Those apparent wet peaks may be due to either sand or dust storms,
leading to a significant increase in aerosol loads, which in turn affect the radiation budget at the surface
and may contribute to smaller daily LST amplitudes. Under very high aerosol optical depth, the LST
retrievals may also be subject to higher errors: directly associated to the atmospheric correction or
indirectly caused by poorer cloud screening [85–88]. A physical effect of cooling of the surface by
the wind cannot be rulled out either. Surface heating rates seem sensitive to the wind, but most of
its influence is limited to almost bare surfaces as shown on Figure 11, where the relative difference
of HR between two distinct wind speed regimes (0 to 3 m·s−1 and 6 to 9 m·s−1, obtained from the
European Center for Medium-range Weather Forecasts deterministic short-term forecasts of wind
speed at 10 m from the surface) is displayed in the two dimensional space delimitated by the possible
heating rates obtained by vegetation density, leaf area index obtained from LSA-SAF, for latitudes
under 45◦N (Figure 11). However, it is still difficult to disentangle the effect of wind speed and aerosol,
as aerosol load may affect the retrievals, especially over the bare soil areas.
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Figure 11. Daily heating rates are increasingly sensitive to wind speed over non vegetated areas with
up to 15% of change under another wind speed regime.

In Figure 12, an example of an apparent wet event associated to dust presence in the atmosphere
is shown for the 19 February 2008. According to Ben-Ami et al. [89], this released dust was a result of
two consecutive days of active emission from the Bodélé depression in Saharian desert, with possible
mixing with wild fires. Another example in Bamba, Mali, is shown in Figure 12. The evolution of the
retrieved soil moisture seems directly correlated to the evolution of high concentrations of aerosols,
as monitored by the MACCII aerosol optical depth product at 1.125◦ resolution (Addition of 5 types
of aerosols: sea salt, dust, organic matter, black carbon and sulphates). Therefore, problems can
occur when high aerosol optical depths are not properly taken into account. This is particularly
relevant during the agricultural and wild fire season. Whether the poorer performance of soil moisture
estimates is associated to enhanced LST errors, associated to deficiencies in the atmospheric correction,
poorer cloud screening, or to the impact of those high aerosol loads toghether with near surface wind
on the LST dynamics remains to be investigated. It is likeky that all these factors play a role and
therefore a proper screening of those retrievals should be conducted with the help of a dedicated
aerosol product derived from satellites or assimilation systems. MACC service, now evolved to
Copernicus Atmospheric Monitoring Service (CAMS), is an available candidate, however, as its spatial
resolution is coarse compared to MSG/SEVIRI, other products could be considered, as AOD products
derived from MSG/SEVIRI and produced by the ICARE Data and Service center, AERUS-GEO [90,91].
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Figure 12. (Left) Apparent wet peaks from SSM retrieval in Bamba (Mali) are correlated with AOD
forecast from MACCII. (Right) Soil moisture retrieved over Africa for 19 February 2008 displays an
anomously large wet area in Sahara, due to a large dust storm and local fire emissions.

4.3. Temperate and Cold Climates versus Viewing Angles

In this study, the coldest climate zones sampled are all located in areas where viewing angle is
already large. In that case, it is difficult to separate the effects originating from the specific nature of the
surface and its response to solar illumination and from the consequences of large viewing angles and
long optical paths. Scores presented in the Results section show a poorer performance for the temperate
and cold than for warmer climates. It is possible to mitigate the global effect by spatial and temporal
averaging. For two sites (BE-Lonzée, BE-Vielsalm, CarboEurope network), we have obtained a time
series of heating rates from the average of nine up to twenty five adjacent pixels. The results show a
better performance compared to the retrieval based on only one pixel, especially in terms of availability
of data: 66 to 70 estimations over 9 months for one pixel and 114 to 120 over the same period for
25 pixels averaged. The correlation is also slightly improved by 10%. Over Belgium in Europe ( 51◦N,
1◦E), the new applied resolution is therefore approximately 15 km for nine pixels and 25 km for twenty
five pixels, which remains below or equal to present time SSM products. Nevertheless, future studies
should concentrate on the disentanglement of the effects to better understand the mechanisms.

5. Conclusions

This study aimed at deriving daily surface soil moisture from land surface temperature data
retrieved from geostationary satellites under the assumption that only the observation of variations
of land surface temperature were necessary. The new proposed retrieval algorithm relies on the
local morning heating rates of the land surface based on the 15 min data provided by the Satellite
Application Facility on Land Surface Analysis from EUMETSAT MSG/SEVIRI sensor, and is designed
to produce surface soil moisture with less than 1 day delay over clear sky and non-steady cloudy
(over 10% of the time) conditions. A dataset of eight years (from 2007 to 2014) has been generated
over Europe and Africa at the MSG/SEVIRI variable resolution, being 3 km over equatorial Africa,
and around 5 km over northern Europe. An extensive quantitative validation of the retrieved soil
moisture against in-situ daily averaged ground measurements over 161 site-years across Europe and
Africa reveals a good capability of this monitoring system in semi-arid to arid areas, with correlation
as high as 0.85, and around 0.7 in average in Sahel, Spain, and Portugal. In those regions, the seasonal
behaviour, as well as the day-to-day variations, are well reproduced. Reduced capabilities have
been found over temperate areas of Europe. Although warm temperate climates show relatively fair
correlations of 0.5 in average, scores in Belgium, the Netherlands and Denmark show poorer results
(between 0.25 and 0.40), but the deterioration of scores could potentially be partly mitigated by some
minor adaptations, including averaging the data spatially over mutiple pixels (correlation improved
of 10% in Belgium). Effects of irrigation on the retrieved surface soil moisture is observed at that
resolution, and as been clearly evidenced in South-West of France.
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The limitations of the new method are (1) a viewing geometry of the satellite that is optimal neither
for northern regions of Europe nor for areas with high topography complexity, (2) a reduced capability
over dense vegetated areas, where the ratio noise over signal is significant, (3) a discontinuous
monitoring when the sky is overcast during a whole morning, and (4) a high sensitivity to atmospheric
aerosol load, giving spurious moist detection in case of a deficient land surface data screening over
semi-desert overpassed by dust storms. While the limitations can be mitigated by solutions proposed
in this paper, they should be further investigated.

The comparison of scores with available global products for surface soil moisture derived from
passive and active microwave satellite data (SMOS L3 SSM and MetOp/ASCAT H25 SSM) shows the
competitiveness of the new TIR method in sampling wide areas over clear and non-steady cloudy
sky conditions. Especially, the TIR method allowed better surface soil moisture sampling in the Sahel
and in Spain, and similar performances over Southern France at the daily time scale. The comparison
revealed that none of the three observational techniques works best everywhere, leaving some more
research avenues in studying their complementarity.

The study has pointed out several shortcomings in validating satellite retrievals by direct
comparison with in-situ observations. Especially, this is the case for partly irrigated districts and
some hilly areas, where further instrumentation equipment could be installed in places with spatially
scalable observations.

The method proposed in this study relies on an empirical relation between heating rates and
surface soil moisture. Given the relatively high degree of success of this model to sample surface soil
moisture in large areas of Africa and Europe, future work should focus on the physical interpretation
and modeling to better understand the mechanisms.

The methodology is already recommended to derive daily surface soil moisture at the MSG
SEVIRI spatial resolution of 3.1 km over Africa and 4 km over Southern Europe, and can potentially
be applied to other geostationary satellites to cover other continents. It is expected to be useful in
applications needing continental to global soil moisture states to be assimilated by models, especially
in regions where in-situ data are scarse and if details about the surface is needed, as for example
irrigation. The results could be useful to drought early warning or evaluation of susceptibility to
flooding in regions and periods with not completely overcasts days. Since this observation technique
is not valid for totally cloud covered sky conditions, other sources of soil moisture data can potentially
complement the information provided by thermal inertia to provide an all-weather daily monitoring
of soil moisture.

Further research will concentrate on the complementarity between multiple remote sensing
techniques, such as SAR, and sensors to achieve a better accuracy and spatial sampling. In this
perspective, the disaggregation of the surface soil moisture from SEVIRI, or from microwave sensors,
thanks to their combined use with the fine resolution soil moisture estimations from the Sentinel
satellites, for example, could be a leap forward in achieving merged systems of more continuous,
accurate and detailed surface soil moisture observations.
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