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a Centre d’Etudes Spatiales de la BIOsphère (CESBIO) Université de Toulouse CNES/CNRS/INRAe/IRD/UPS, 18 Avenue Edouard Belin, Toulouse, France 
b Technische Universität Wien, Departement of Geodesy and Geoinformation, Vienna, Austria 
c Angewandte Wissenschaft Software und Technologie (AWST) GmbH, Vienna, Austria 
d Serco SpA for European Space Agency, ESA/ESRIN, Frascati, Italy 
e European Space Agency, ESA/ESRIN, Frascati, Italy   

A R T I C L E  I N F O   

Keywords: 
Soil moisture 
Uncertainty 
Passive microwave remote sensing 
SMOS 
ISMN 

A B S T R A C T   

This study attempts to derive the uncertainty of the soil moisture estimation from passive microwave satellite 
mission at global scale. To do so, the approach is based on the sensitivity of the Soil Moisture and Ocean Salinity 
(SMOS) soil moisture retrieval quality to the land surface characteristics within its footprint (presence of forest, 
topography, open water bodies, sand, clay, bulk density and soil organic carbon content). First, we performed a 
global assessment of SMOS using in situ measurements from the International Soil Moisture Network (ISMN) as 
reference, with more than 1900 ISMN stations and 10 years of SMOS data. This assessment shows that the 
ubRMSD scores vary greatly between locations (with a mean of 0.074 m3m− 3 and an interquartile range of 0.030 
m3m− 3). Second, the scores are analyzed for different surface conditions within the satellite footprint. The best 
agreement between the ground measurement and SMOS time series are obtained for low forest cover, low 
topographic complexity, and marginal presence of open water bodies within the SMOS footprint. Soil parameters 
also have an impact, with better scores for sandier soils with a high bulk-density and low soil organic carbon 
content. Finally, we propose to extrapolate the obtained relationships, using a multiple linear regression, in order 
to derive a global map of SMOS uncertainties based on surface conditions. This map of predicted uncertainties 
show a diverse range of ubRMSD values across the globe (with a mean of 0.076 m3m− 3 and an interquartile range 
of 0.031 m3m− 3) depending on the surface characteristics. At the ISMN site location, the predicted ubRMSD 
shows similar results than the comparison between SMOS and the in situ measurements. The map of predicted 
SMOS ubRMSD represents an upper bound estimate of the SMOS uncertainty, as it includes the uncertainties of 
the in situ sensor measurements and the scale mismatch. Further investigations will focus on the different 
components of this uncertainty budget to obtain a better assessment of the absolute uncertainties of SMOS soil 
moisture retrievals across the globe.   

1. Introduction 

The Global Climate Observing System (World Meteorological Orga-
nization, United Nations, and International Council for Science) con-
siders soil moisture (SM) as an Essential Climate Variable (ECV) since 
2010. It is a key variable driving the water and energy balance at the 
soil-atmosphere interface (Seneviratne et al., 2010; Koster et al., 2004). 
Its observation and monitoring are crucial in a number of scientific and 
application domains such as climate change diagnostic and climatology 

(Douville and Chauvin, 2000), agricultural applications (Bolten et al., 
2010; Shin et al., 2006; Gibon et al., 2018) or weather forecast 
(Muñoz-Sabater et al., 2018; Drusch, 2007), among others. 

Among the various methodologies available to estimate soil water 
content (in situ measurements, models), satellite remote sensing obser-
vations provide large-scale measurements. The lower frequency part of 
the microwave domain (400 MHz - 2 GHz) is particularly well adapted to 
monitor surface soil moisture variability (Schmugge, 1978; Ulaby et al., 
1981; Kerr, 2006), which led to the development of different missions at 
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L-band such as Soil Moisture and Ocean Salinity (SMOS) (Kerr et al., 
2010) or Soil Moisture Active Passive (SMAP) (Entekhabi et al., 2010). 

Climate analysis need data records that are provided with un-
certainties (Merchant et al., 2017). It is however challenging to estimate 
the uncertainty of geophysical variables such as SM, derived from sat-
ellite sensors. This is particularly the case for large footprints for which 
the true reference is unknown. The method usually used to assess the 
accuracy of remotely sensed soil moisture, consists in comparing the 
satellite estimates with ground measurements (Gruber et al., 2020a; 
Loew et al., 2017). The statistics obtained from this comparison repre-
sent a diversity of uncertainties originating from different sources that 
include the satellite sensor, the reference dataset and the 
spatio-temporal scale mismatch between the reference and the data to 
be evaluated. Additionally, due to the scarcity and spatial distribution of 
ground measurements, satellite data are not assessed everywhere. 

Numerous studies have already been carried out to assess the quality 
of the soil moisture estimation derived from satellite mission such as 
SMOS (Colliander et al., 2023; Al-Yaari et al., 2019; Al Bitar et al., 2012; 
Albergel et al., 2012). In (Kerr et al., 2016), authors evaluated different 
versions of SMOS data using in situ measurements as a reference, while 
(Leroux et al., 2013) identified the potential error sources using the 
triple collocation method. In (Molero et al., 2018), authors investigated 
the effect of the timescale on the scale mismatch with the reference. 
These studies show that numerous factors can affect the quality of 
retrieval, such as the accuracy of the sensor, the simplification of the 
physics by the algorithm, the Radio Frequency Interferences (RFI), and 
also the content of the satellite footprint. For example, the presence of 
vegetation within the footprint can affect the satellite’s ability to mea-
sure ground emission due to the vegetation water content. 

This study aims at deriving the uncertainties of the soil moisture 
estimation from a passive microwave satellite mission at the global 
scale. In our case, the SMOS mission is used as an example, but the 
extrapolation method we use to derive uncertainties at a global scale 
may be applied to any other satellite-based soil moisture product. The 
novelty of this approach lies in the use of the relationships between the 
uncertainty of satellite-derived soil moisture and the composition of the 
land surface within the satellite’s footprint. To do so, the SMOS uncer-
tainty, derived using in situ measurements, is extrapolated at global scale 
using its sensitivity to the land surface condition. We first present the 
data in Section 2 and method in Section 3, then, in Section 4.1 we 
present the results of the global assessment of SMOS using the Interna-
tional Soil Moisture Network (ISMN) data as a reference. Then, the 
validation scores, analyzed regarding the SMOS footprint content in 
terms of geophysical parameters, are depicted in Section 4.2. A model is 
presented in Section 4.3 to relate the SMOS uncertainty and the surface 
condition. Finally, results, caveats, and limitations are discussed in 
Section 5. 

2. Data 

To address our objectives, this study considers three SM datasets that 
are SMOS, ISMN and ERA5 (ECMWF Reanalysis v5). The geophysical 
footprint content is characterized using land cover from the Interna-
tional Geosphere Biosphere Program (IGBP) database and the soil pa-
rameters using the Harmonized World Soil Database (FAO HWSD) and 
SoilGrids, which are described below. 

2.1. Soil moisture datasets  

● Satellite retrievals: SMOS Level 2 version 700 soil moisture 
product 

Based on synthetic aperture radiometry at L-band (1.413 GHz), 
SMOS measures fully polarised Brightness Temperatures (TB) at multi-
ple incidence angles. To retrieve the geophysical parameters such as soil 
moisture, a Radiative Transfer Model (RTM) is used to simulate the 

SMOS incidence angle TB profile (Kerr et al., 2012). The RTM used in 
this product is the L-band Microwave Emission of the Biosphere (L-MEB) 
model (Wigneron et al., 2007), which is initialized by auxiliary data that 
describe as accurately as possible the SMOS footprint content in terms of 
land cover, soil properties, vegetation properties and temperatures 
(ground and vegetation). The SMOS TB profile and the simulated TB 
profile are then compared, and the model is fitted to the SMOS mea-
surements through minimizing a cost function measuring the differences 
between the two. Two variables are retrieved: the surface Soil Moisture 
(SM) and the Vegetation Optical Depth (VOD). SMOS soil moisture 
products are delivered on various grids depending on the processing 
level. The Level 2 Soil Moisture (L2SM) product, version 700, is pro-
jected onto a 15 km resolution grid (Sahr et al., 2003; Talone et al., 
2015). For each node, and depending on the incidence angle, the 
interception of the antenna beam with the Earth surface defines an el-
lipse with evolving shape characteristics (flatness, surface, axis direc-
tion) (Kerr et al., 2012, 2020). For the purpose of this study, we use a 
Blackman function that approximates the average of the antenna gain 
pattern (diameter of ~43 km at − 3 dB).  

● In situ measurements: The International Soil Moisture Network 
(ISMN) 

Initiated in 2009, the ISMN (https://ismn.earth (Dorigo et al., 2021), 
) has become the main reference source for any satellite soil moisture 
mission through stable long term financing, the global collaboration 
with voluntary data distributors, and more over through the availability 
of long-term, harmonized, quality controlled and free useable in situ soil 
moisture measurements. The establishment of the ISMN, its develop-
ment and maintenance are the combined effort of the hosts the German 
Federal office for Hydrology (BfG), and the International Center for 
Water Resources and Global change (ICWRGC) with funding from the 
German Federal Ministry of Transport and Digital Infrastructure 
(BMDV), as well as through international collaboration with the Vienna 
University of Technology (TU Wien), the European Space Agency (ESA), 
the Global Energy and Water Exchange Project (GEWEX), the Commit-
tee on Earth Observation Satellites (CEOS), GCOS Terrestrial Observa-
tion Panel Climate, the Group on Earth Observation (GEO), the Global 
Terrestrial Network Hydrology (GTN-H), and the Rutgers University. 
The ISMN consists of around 80 networks which represent about 3000 
stations containing about 5320 time series (=sensors) in the first 10 cm 
soil depth. We focus on this top soil layer as it is relevant in the context of 
satellite due to the penetration depth of a satellite soil moisture sensor. 
The sites are located in various climate environment, but unevenly 
distributed, as it can be seen in (Dorigo et al., 2021). Furthermore, soil 
moisture time series are available from 1952 up to near real time 
(including actively updated and historical datasets) while the set-up, 
probe technologies and temporal coverage vary per station and sensor 
due to the voluntary data collection collaborations with the ISMN. For 
time consistency with the SMOS mission, only data acquired within the 
time window 2010–2020 are used (data from the ISMN was downloaded 
on June 2021), and ISMN data are considered as a reference in this 
study. The spatial locations of the sites and the references to each 
network used can be found in the list Appendix A.  

● Modelled soil moisture: ERA5 

ERA5 is the fifth generation of reanalysis of the climate and weather 
forecast run at ECMWF (European Centre for Medium-Range Weather 
Forecasts). It is the result of the assimilation of observations into nu-
merical models to provide estimates of land and atmospheric variables 
from 1940 to present (Hersbach et al., 2018). Among the large numbers 
of available variables, the product provides hourly soil moisture infor-
mation (soil layer depth used here: 0–0.07 m) at a global scale at a 
resolution of 0.25◦ × 0.25◦. 
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2.2. Geophysical footprint content 

In this study, the SMOS geophysical footprint content is quantified 
using the auxiliary database of the SMOS L2v700 (Kerr et al., 2012). The 
mean antenna pattern (Blackman function) is applied to each SMOS 
nodes to the 4 × 4 km auxiliary data in order to compute the surface 
conditions monitored by the radiometer. 

The soil texture (percentage of sand, clay, and bulk density value) is 
obtained from the Food and Agriculture Organization - Harmonized 
World Soil Database (FAO HWSD) map which is built trough merging 
more than 16 000 regional and national soil information maps (SOTER, 
ESD, Soil Map of China, WISE) and the FAO-UNESCO Soil Map of the 
World at a 30 arc-second (F. G, 2008). 

The Soil Organic Carbon content (SOC) is derived from the SoilGrids 
database, which is a global digital soil mapping that uses over 230 000 
soil profile observations from the WoSIS database and a series of envi-
ronmental covariates. Covariates were selected from a pool of over 400 
environmental layers from Earth observation derived products and other 
environmental information including climate, land cover and terrain 
morphology (Poggio et al., 2021). 

The International Geosphere Biosphere Program (IGBP) database 
describes the land cover with 17 classes at 1 km resolution. This data-
base is derived from satellite observations such as Advanced Very High 
Resolution Radiometer (AVHRR) and other remote sensing data sets 
(Loveland et al., 1999). 

3. Method 

The method used in this study is summarized in the flowchart pre-
sented in Fig. 1. 

The SMOS evaluation results using ISMN as a reference is used to set 
up a multiple linear regression model which relates the SMOS unbiased 
Root Mean Square Difference (ubRMSD; referring to the standard de-
viation difference) to the surface conditions in order to derive a map of 
SMOS uncertainties at global scale. The paper focuses on the ubRMSD as 
the purpose of this study is to assess the uncertainties of the derived SM 
(Gruber et al., 2020b). 

The first step of the flowchart described in Fig. 1 is to assess the 
SMOS data using ISMN ground measurements. To do so, the data are 
processed following the validation chain in Fig. 2. 

The spatial collocation between the probe location and the SMOS 
node is performed using the nearest neighbor method. Then, the soil 
moisture time series from the two datasets are filtered (”Filtering” step 
in Fig. 2). SMOS dataset are filtered considering three information that 
are present in the product. First, the field ”CHI2″ is checked. This field is 
a quality indicator of the retrieval, and values χ2 ≥ 0.05 mean the SM 
retrieval is good. Second, poor quality SM due to RFI contamination are 
detected with the fields ”RFIP”, which stands for the probability that 
brightness temperatures are effected by an RFI. A threshold of 0.1 is used 
to consider that the retrieval can not be achieved correctly. Finally, a last 

filter is based on the complexity of the topography. The flag ”FLTOPO” is 
used, and retrieval SM with FLTOPO equal to 0 are kept. This flag is set 
to 1 if the SMOS footprint is too complex in terms of topography that no 
model can account for this effect. The ISMN dataset filtering strategy 
considered the following criteria. We only kept probes close to the near 
surface (depth ≤10 cm) and measurements with the quality flag ”G” 
(Good = passing all automatic quality checks from the ISMN) which we 
set to 1. 

The two filtered datasets are collocated time wise based on the 
nearest in situ measurement within the limit of |Δ|t ≤ 30 min of each 
SMOS observation. Finally, the agreement between the two datasets (of 
N samples) θSMOS and θref is quantified using ubRMSD: 

ubRMSD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
[(θSMOS

i − θSMOS) − (θref
i − θref )]

2

√
√
√
√ (1)  

with i the Nth collocated sample of the soil moisture time series θSMOS 

and θref, θ stands for the respective time series average. 
Once the ubRMSD is processed for in total 1991 filtered in situ time 

series, its sensitivity to the surface conditions is analyzed. To do so, 
linear regressions are established between the ubRMSD and different 
surface conditions of the SMOS footprint content. An approach based on 
multiple linear regression further specifies the dependency of un-
certainties with surface conditions (with intercept and linear term for 
each descriptor). Finally, the multiple linear regression is extended to 
SMOS nodes without in situ sites to get a global map. 

Y = β0 + β1X1 + β2X2 + ⋯ + βnXn + ϵ (2)  

where Y is the predicted ubRMSD, n the number of Xn geophysical 
condition (normalized descriptors) considered, βn the corresponding 
coefficient, and ϵ the residuals. 

The Variance Inflation Factor (VIF) (Belsley et al., 1980) method is 
used to quantify and filter the collinearities between all the descriptors 
in the regression. The threshold of more than 2.5 is set to assess whether 
the collinearity is too large in the regression (Johnston et al., 2017). The 
VIFs values are computed here as the diagonal elements of the inverse 
correlation matrix R0 of the descriptors: 

VIF = diag(R− 1
0 ) (3)  

4. Results 

4.1. Assessment of SMOS using ISMN as reference 

The SMOS L2SM ubRMSD obtained using the 1991 ISMN sensor time 
series are displayed in the histogram in Fig. 3 and in the map a) in Fig. 4. 
The histogram shows the ubRMSD distribution with a mean of 0.074 
m3m− 3, a median of 0.070 m3m− 3, and the 25th and 75th quantiles of 
0.057 and 0.087 m3m− 3, respectively. 

4.2. SMOS ubRMSD sensitivity to its footprint content 

Fig. 3 shows a large range of ubRMSD values, which results from 
various factors such as the scale mismatch between the satellite footprint 
and the probe, the uncertainty of the probes (uncertainties, sampling 
depths) and the uncertainty of SMOS that we try to evaluate. We focus 
here on the effect of the surface conditions on the SMOS uncertainty. To 
evaluate this influence, Fig. 5 displays the distribution of ubRMSD as a 
function of different surface conditions within the SMOS footprint. Even 
though the relationships seem to follow some linear trend in most cases 
(correlation coefficients range between about 0.1 and 0.45), there is a 
notable dispersion around the fits. Regressions with the vegetation, 
topography, soil bulk density and soil organic carbon content exhibit the 
strongest correlations, whereas weaker relationships are observed for 
sand, clay, and open water bodies. In general, Fig. 5 shows that the Fig. 1. Study overview.  
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higher the content of vegetation, clay, SOC, topography and open water 
bodies within the footprint, the worse the ubRMSD. In contrast, 
increasing sand content and bulk density leads to a better agreement 
with the in situ time series (lower ubRMSD). 

4.3. A global uncertainty estimation as a function of surface conditions 

4.3.1. Collinearity analysis 
In Section 4.2, the SMOS uncertainty analysis is based on in situ sites, 

which do not equally represent all the global conditions due to their 
uneven spatial distribution. To extrapolate those relationships to a 
global scale, the method suggested here is to define a model based on a 
multiple linear regression, as described in the method section, that 
predicts the SMOS ubRMSD from the surface conditions within its 
footprint. 

As descriptors can be interconnected in some way, their collinearities 
have to be analyzed before performing the regression. To assess those 
collinearities, the correlation matrix R0 is presented in Fig. 6 where the 
Pearson correlation coefficients between permutations of the geophys-
ical descriptors are shown (cases where p-value ≤0.05 are marked in 
bold font). 

The correlation matrix shows that the vegetation descriptors defined 
as forest and low vegetation are highly and negatively correlated (R =
− 0.98), which is expected. A second couple of descriptors describing the 
topography (strong and moderate) are moderately linked (R = 0.52). A 
third relation can be identified by a moderate and negative relation 
between sand and clay values (R = − 0.55). 

The VIF coefficient is used to exclude strong collinearities from the 
regression (dark cells in Fig. 6). VIF values are ≤ 2.5 for the descriptor 

clay (1.6), sand (1.5), bulk Density (1.5), SOC (1.9), open water (1.4), 
strong topography (1.4), and medium topography (1.5). However, the 
threshold of 2.5 is largely exceeded for the forest (46.1) and low vege-
tation (47.6). Consequently, we only kept forests as descriptors of the 
vegetation in the following analysis. 

4.3.2. Map of SMOS uncertainty prediction at global scale 
Section 4.3.1 presented the selection of the eight descriptors that are 

kept for the regression. The coefficients processed from the multiple 
linear regression described in the Method part are presented in Table 1. 

The regression is then applied using the geophysical data presented 
in the Data section, at the global scale, to obtain the map b) displayed in 
Fig. 4. The red areas, where the ubRMSD is predicted as high (> 0.1 
m3m− 3), correspond to areas where soil moisture retrieval is expected to 
be difficult. Clear patterns of relief, soil texture, and vegetation can be 
identified in Central Africa, Amazon, North America or Siberia. On the 
opposite, areas appear with better performances (< 0.06 m3m− 3), blue 
areas on the map, as in Australia, North and South Africa, Middle East or 
South America. 

The histogram in Fig. 7 shows the SMOS ubRMSD distribution of all 
the pixels of the global map b) in Fig. 4. The distribution is characterized 
by a mean value of 0.076 m3m− 3, a median at 0.072 m3m− 3, a mini-
mum/maximum at 0.018/0.19 m3m− 3, an IQR25− 75 of 0.031 m3m− 3 and 
two modes, a first mode at 0.061 m3m− 3 and a second one at 0.092 
m3m− 3. 

5. Discussion 

5.1. SMOS ubRMSD at ISMN sites 

The analysis of SMOS ubRMSD at the in situ sites shows a wide range 
of score values (see Fig. 3). In addition to the SMOS uncertainties, these 
ubRMSD values include other sources of uncertainties, such as the ones 
characterizing the ground sensors and the scale mismatch between the 
sensors. Reviews on the intercomparison of different in situ probes 
(Ferrarezi et al., 2020; Rasheed et al., 2022) show a range of uncertainty 
from 0.01 to 0.04 m3m− 3 and may vary with the probe technology, the 
calibration, and the set-up (soil type, air gap …). The uncertainty 
resulting from the spatial scale between satellite and in situ measure-
ments is an important factor in determining more precisely the actual 
uncertainty of SMOS SM. Microwave observations are characterized by 
their low spatial resolution of several hundreds of square kilometers, 
while the in situ measurements are representative of tens of centimeters 
around the probe. So, comparing the satellite data with the reference in 
heterogeneous areas can contribute strongly to the value of the metrics 
spread (Al Bitar et al., 2012; Colliander et al., 2021). In (Dorigo et al., 
2021), authors estimate a probe’s representativeness error between 0.03 
and 0.05 m3m− 3 by using the triple collocation method. The effect of 
heterogeneity of surface conditions in the satellite footprint on uncer-
tainty assessment is complex in many respects. Heterogeneity increases 

Fig. 2. Flowchart to assess the SMOS data using ISMN ground measurement as reference (SMOS DGG points is a SMOS grid node i.e. centre of the satellite footprint).  

Fig. 3. Histogram of ubRMSD between SMOS and ISMN measurements.  

F. Gibon et al.                                                                                                                                                                                                                                   



Science of Remote Sensing 10 (2024) 100147

5

Fig. 4. a) Map of SMOS ubRMSD at each used ISMN site, b) Map of predicted SMOS ubRMSD related to surface condition (ubRMSD = f(vegetation, sand, clay, bulk 
density, SOC, open water bodies)) and c) Map of ubRMSD of SMOS compared to ERA5 (QA4SM result, https://doi.org/10.5281/zenodo.10018994). 
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the complexity of surface emissions modeling, which can increase the 
uncertainty of the derived soil moisture. In addition, increasing surface 
heterogeneity increases the spatial scale mismatch between the spatial 
scale monitored by the probe and the satellite field of view. However, it 
is challenging to define the heterogeneity as it is made up of different 
aspects, such as the level of diversity of surface conditions or the spatial 
distribution of these conditions. While many methods exist to assess the 
level of diversity (such as the Gini-Simpson index used in (Wang et al., 
2024) or (Kim et al., 2023)), taking into account the spatial distribution 
is still not sufficiently understood. Consequently, the ubRMSD 

Fig. 5. Scatter plot showing the ubRMSD sensitivity to SMOS footprint content (the color corresponds to the density of validation points). (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 6. Collinearities between the geophysical descriptors used to characterize 
the SMOS footprint, the color strength is linked to the correlation strength 
displayed in all cases (the darker, the higher). (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the Web version of 
this article.) 

Table 1 
Coefficients, and their SE in bracket, used to relate the SMOS ubRMSD and the 
surface condition. SE stand for the standard error.  

Descriptor X Coef. Value (SE) 

Intercept β0 7.42e-2 (5.24e-4) 
Vegetation β1 6.7e-3 (6.20e-4) 
Clay β2 4.94e-3 (6.49e-4) 
Sand β3 − 6.18e-4 (6.46e-4) 
Soil density β4 − 2.86e-3 (6.45e-4) 
SOC β5 5.89e-3 (7.15e-4) 
Open water β6 2.23e-3 (5.57e-4) 
Strong topo. β7 1.02e-3 (6.19e-4) 
Moderate topo. β8 2.09e-3 (6.45e-4)  
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(histogram in Fig. 3) should be interpreted as the upper bound estimate 
of the SMOS uncertainty, which includes the other sources not linked to 
the SMOS performances. 

5.2. Uncertainty at the global scale 

5.2.1. Caveats and limits of the method 
The statistical relationships derived between the ubRMSD and the 

different surface conditions are not very uniform, see Fig. 5. Indeed, 
(Dorigo et al., 2021) showed that the ISMN network locations are un-
even and do not cover all climate conditions. It implies that the re-
lationships in Fig. 5 may not be well-defined for all the range of the 
predictors. For instance, no SM measurements are available in tropical 
forest (top panel, middle column Fig. 5), i.e. more ubRMSD are 
computed with forest fraction lower than 40% than above. In situ data in 
these environments would equalize the ubRMSD for all fraction condi-
tions, and thus enhance the quality of the regression. 

One should also be aware of the risks of the presence of RFI (espe-
cially in the Middle East and Asia in general). They are not directly 
represented on the map b) in Fig. 4 but indirectly within the filtering of 
the SMOS data. The probability of RFI that is available in the SMOS data, 
can not be related to neither the intensity of these RFI, nor their impacts 
in terms of SM. 

For the purpose of this study, we used static data, as a first attempt. 
The temporal variability of variables such as the vegetation, or snow, 
will be included in further study. 

5.2.2. Sensitivity of satellite observations to footprint content 
The presence of vegetation within the footprint increases the 

ubRMSD, as shown by the trends on the two top panels in Fig. 5. This 
vegetation effect is well known and documented (Jackson and 
Schmugge, 1991; Mätzler, 1994; Hornbuckle et al., 2003; van der 
Schalie et al., 2017), it is less important at L-band than C or X-band 
(Frappart et al., 2020). In the microwave radiometry domain, the 
vegetation water content attenuates the signal coming from the under-
lying surface and contributes to TB through its temperature and emis-
sivity. So a vegetation layer decreases the sensitivity of passive 
microwave TB to the underneath surface. As a consequence, the denser 
the vegetation is, the less sensitive the satellite measurements (TB) are to 
soil moisture, which increases its uncertainty. 

The presence of complex topography within the footprint is also 
deteriorating the scores, as shown on the panel ”Moderate topography” 
and ”Strong topography” in Fig. 5. It affects strongly the passive mi-
crowave measurements as local incidence angles are different from a flat 
surface, and mixes the polarizations, hampering any accurate SM 
retrieval. As the effect of topography can not be easily quantified, we 
rely on the fraction of the footprint that is subject to complex topog-
raphy (Pellarin et al., 2016; Kerr et al., 2003; Mialon et al., 2008). In 
consequence, high ubRMSD is then expected for areas with strong 
topography. 

This study sheds light on the influence of the soil texture on the 
ubRMSD scores considering the soil bulk density. The ubRMSD signifi-
cantly depends on the bulk density at SMOS scale, with results showing 
lower ubRMSD with increasing bulk density (Fig. 5). Indeed, high bulk 
density reduces the dynamic of the soil moisture, leading to a decrease in 
the ubRMSD (Pan et al., 2022). One explanation is with increasing bulk 
density, the volume of soil particle increases, reducing the available 
volume for air and water. Moreover, the contact of the probes pin and 
the soil may alter in soil with low bulk density (Matula et al., 2016), 
which could impact the quality of the ground measurements. 

In Fig. 5 the relation between the soil organic carbon content within 
the SMOS footprint and the ubRMSD shows a worsening of the ubRMSD 
when the SOC content is increasing. This trend can be attributed to three 
factors. First, the SOC has an impact on the dielectric constant and a 
particular model was developed, and implemented in the SMOS retrieval 
(Bircher et al., 2016a). Second, a dedicated calibration of the probes is 
needed in high SOC context (Bircher et al., 2016b), which is not always 
done. Finally, and in agreement with the trend found in this study (see 
Fig. 6), the potential of soil organic activity is positively related to a 
reduction of the bulk-density (Aşkin and Özdemir, 2003). 

Sand and clay have opposite effects, as the relationships show an 
improvement (decrease of ubRMSD) with sandy soil and a worsening 
(increase of ubRMSD) with clayey soil, as shown in Fig. 5. The wors-
ening of the score in clay soil can be attributed to three factors. First, the 
dielectric constant model used in the SMOS, even though (Mironov 
et al., 2013) showed an adaption of the model to various clay conditions. 
Second, the in situ probe calibration law in the very clayey area is still an 
issue (SU et al., 2014; Gong et al., 2003), since some specific soil textures 
(like high clay soils) are often not considered in standard calibration 
functions. Finally, there is a risk of poor pin-soil contact due to the 
crackling of the soil matrix during dry periods (Reid and Parkinson, 
1984). 

The presence of open water bodies is also strongly worsening the 
scores. In fact, open water bodies impacts the radiometric signal due to 
the very low emissivity of water when compared to soils and vegetation 
(Ulaby et al., 1981). In the map b) in Fig. 4, the high ubRMSD expected 
in the northern part of North America (the darkest areas) is attributed to 
these water fractions. Water bodies are highly present in the SMOS field 
of view in these regions, which makes the SM retrieval complex. It im-
plies that the water maps used to delimit these water bodies have to be 
very accurate in these areas, which may not always be the case, as the 
extent of these open waters bodies is dynamic throughout the year 
whereas SMOS land cover maps are static. 

5.2.3. Evaluation of the global ubRMSD 
The challenge is to evaluate the consistency of the predicted ubRMSD 

(map b) in Fig. 4). The global map displays spatial patterns that are 
expected, such as higher ubRSMD (~0.1 m3m− 3) in dense forest areas. 
The global pattern can also be compared with studies estimating SMOS 
error based on a triple collocation method, such as Australia in 
(Bhardwaj et al., 2022) or at a global scale in (Leroux et al., 2013). Both 
studies support the spatial distribution that is obtained in map b) in 
Fig. 4. Other studies in the literature offer analysis in various conditions. 
For example, the authors in (Xu and Frey, 2021) found an ubRMSD 
within the range 0.04–0.07 m3m− 3 against in situ probes around the 
Laurentian Great Lakes basin, where we estimate the ubRMSD in the 
range 0.05–0.09 m3m− 3. In (Jamei et al., 2020) an evaluation in Iran 
found an ubRMSD of 0.039–0.06 m3m− 3 comparable to our predicted 
ubRMSD (0.04–0.1 m3m− 3). In (Kang et al., 2019), SMOS ubRMSD was 
estimated between 0.05 and 0.12 m3m− 3 in Malaysia, where ours range 
from 0.06 to 0.11 m3m− 3. Differences with findings from the literature 
are expected as the validation strategies (the selection of the in situ sites) 
may change, but our results agree well with the existing studies. 

Two other approaches are proposed to assess the uncertainties of the 
map b) in Fig. 4. First, we use the estimations obtained at the ISMN sites, 
which are compared to the uncertainties obtained from the direct 

Fig. 7. Histogram of the predicted SMOS ubRMSD map b) Fig. 4.  
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comparison of SMOS SM and the ISMN in situ measurements (see Section 
4.1). The histogram in Fig. 7 shows a distribution that is quite similar to 
the histogram in Fig. 3. A second mode at 0.088 m3m− 3 is observed in 
Fig. 7, which is related to the vegetation areas and their impact on the 
ubRMSD. Indeed, dense vegetation was not considered in the analysis 
that led to the histogram in Fig. 3 due to the lack of in situ measurement 
under forest conditions. Another comparison is made in Fig. 8, 
comparing the ubRMSD at the ISMN sites and the predicted ones also at 
the in situ sites. The predicted ubRMSD (y-axis) are well in line with the 
uncertainty of SMOS at the in situ sites (x-axis) as the distribution of the 
points is around the 1:1 line. 

Second, the validation platform Quality Assurance for Soil Moisture 
(QA4SM) was used to derive a global comparison between SMOS 
L2v700 and ERA5. The result is shown in map c) in Fig. 4. The empty 
areas on the map c) in Fig. 4 are probably linked to RFI sources, well 
known in these areas. Even though it is not a direct validation, it is useful 
to support our findings as one can notice the good spatial agreement 
between the two maps, which also exhibit similar orders of magnitude. 
This comparison has to be taken with care, as it does not reflect the 
“absolute” SMOS performances, and ERA5 bears its uncertainties. 

5.2.4. Analysis of global ubRMSD 
Even though the ubRMSD is an upper limit of SMOS ubRMSD, it 

presents spatial patterns that are coherent and provides an absolute 
ubRMSD where it was not available before. Areas with low or dry 
vegetation have an ubRMSD lower than 0.05 m3m− 3. Higher ubRMSD 
are found in denser vegetated areas (tropical and boreal forests) where 
the derived ubRMSD can reach 0.12 m3m− 3. 

Satellite missions that estimate soil moisture such as SMOS or SMAP, 
have specifications in terms of expected accuracy, that is less than or 
equal to 0.04 m3m− 3 over homogeneous areas with vegetation water 
content less than 5 kg/m2. This specification is based on previous ex-
periments on the ability of soil moisture retrieval from L-band micro-
wave radiometer (Kerr, 1998) and on the needs of the hydrological 
application (Chanzy et al., 1995). The map b) in Fig. 4 shows the areas 
where our method suggests the 0.04 m3m− 3 are met, i.e. North Africa, 
Western Australia, South Africa. These areas may seem limited, but one 
should take into account that this uncertainty is the upper limit, as it 
does not represent only the satellite uncertainty but the contribution of 
all the sources (satellite, ground measurement, and scale mismatch). 

Our results can be useful to better assess the mission requirements 
and the related surface conditions of future missions. SMOS and SMAP 
are still providing important knowledge of the water cycle, but are 
several years into their mission, and the community is defining the 
follow-up of these missions to ensure the continuity of SM observations 
by satellite (Rodriguez-Fernandez et al., 2024). 

6. Conclusion 

In this study, we performed an analysis of passive microwave soil 
moisture uncertainty as a function of surface conditions. SMOS is used to 
support our approach, and its performance is assessed in a first part, 
using the ISMN network as a reference (Section 4.1). Results show a 
large variability of ubRMSD values (with a median of 0.070 m3m− 3 and 
an interquartile range of 0.030 m3m− 3). The investigation in Section 4.2 
shows a dependence of the SMOS uncertainty on the land surface 
characteristics within the satellite footprint. The results show a clear 
improvement of the scores when the footprint scene is mainly flat and 
does not contain either open water bodies (e.g., lakes) or forests. Soil 
parameters also impact the scores, which are best for sandier, high bulk- 
density soils and low soil organic carbon content. This study then sug-
gests that we can approximate SMOS uncertainty at the global scale by 
considering the relationship between the geophysical SMOS footprint 
content and the validation scores (Section 4.3). The predicted SMOS 
ubRMSD values are consistent with the literature, and an evaluation 
with ERA5 supports the proposed approach. This map is a first attempt 

to estimate SMOS soil moisture retrieval performances at the global 
scale using the surface condition, and to provide an estimation of SMOS 
uncertainty over areas where no ground reference exists. 

This study will be further developed with a focus on the spatial 
distribution such as the scale mismatch between low resolution satellite 
and very local measurements, the heterogeneity of the geophysical pa-
rameters within the footprint on the SMOS soil moisture performances, 
and the temporal influence (i.e. using weekly/monthly soil moisture 
averages for instance). SMOS was chosen to support our approach, but it 
can be applied to other satellite sensors, including the ones of interest for 
our case, i.e. SMAP and SMOS. 
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Appendix A. List of the ISMN networks used in this study  

AMMA-CATCH (Lebel et al., 2009) ARM (Phillips et al., 2017) 
BIEBRZA-S-1 (Dabrowska-Zielinska et al., 2018) BNZ-LTER (Van Cleve et al., 2015) 
CTP-SMTMN (Yang et al., 2013) COSMOS (Zreda et al., 2012) 
DAHRA (Tagesson et al., 2014) FLUXNET-AMERIFLUX 
FMI (Ikonen et al., 2018) FR-Aqui (Al-Yaari et al., 2018) 
GROW (Xaver et al., 2020) GTK 
HOBE (Jensen and Refsgaard, 2018) HYDROL-NET-PERUGIA (Morbidelli et al., 2011) 
ICN (Hollinger and Isard, 1994) IIT-KANPUR 
IMA-CAN1 (Capello et al., 2019) IPE (Alday et al., 2020) 
iRON (Osenga et al., 2021) LAB-net (Mattar et al., 2016) 
METEROBS MOL-RAO (Beyrich and Adam, 2007) 
MySMNet (Kang et al., 2019) ORACLE 
OZNET (Smith et al., 2012) PBO-H2O (Larson et al., 2008) 
REMEDHUS (González-Zamora et al., 2019) RISMA (Ojo et al., 2015) 
RSMN SCAN (Schaefer et al., 2007) 
SMOSMANIA (Calvet et al., 2016) SNOTEL (Leavesley, 2010) 
SOILSCAPE (Moghaddam et al., 2016) SWEX-POLAND (Marczewski et al., 2010) 
TERENO (Bogena, 2016) UDC-SMOS (Schlenz et al., 2012) 
USCRN (Bell et al., 2013) VAS 
VDS WSMN (Petropoulos and McCalmont, 2017)  
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