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Abstract

Soil moisture (SM) is a key state variable in understanding the climate system through its
control on the land surface energy, water budget partitioning, and the carbon cycle.
Monitoring SM at regional scale has become possible thanks to microwave remote sensing.
In the past two decades, several satellites were launched carrying on board either radiometer
(passive) or radar (active) or both sensors in different frequency bands with various spatial
and temporal resolutions. Soil moisture algorithms are in rapid development and their
improvements/revisions are ongoing. The latest SM retrieval products and versions of
products that have been recently released are not yet, to our knowledge, comprehensively
evaluated and inter-compared over different ecoregions and climate conditions. The aim of
this paper is to comprehensively evaluate the most recent microwave-based SM retrieval
products available from NASA’s (National Aeronautics and Space Administration) SMAP
(Soil Moisture Active Passive) satellite, ESA’s led mission (European Space Agency) SMOS
(Soil Moisture and Ocean Salinity) satellite, ASCAT (Advanced Scatterometer) sensor on
board the meteorological operational (Metop) platforms Metop-A and Metop-B, and the ESA
Climate Change Initiative (CCI) blended long-term SM time series. More specifically, in this
study we compared SMAPL3 V4, SMOSL3 V300, SMOSL2 V650, ASCAT HI111, and CCI
VO04.2 and the new SMOS-IC (V105) SM product. This evaluation was achieved using four
statistical scores: Pearson correlation (considering both original observations and anomalies),
RMSE, unbiased RMSE, and Bias between remotely-sensed SM retrievals and ground-based
measurements from more than 1000 stations from 17 monitoring networks, spread over the
globe, disseminated through the International Soil Moisture Network (ISMN). The analysis
reveals that the performance of the remotely-sensed SM retrievals generally varies depending
on ecoregions, land cover types, climate conditions, and between the monitoring networks. It
also reveals that temporal sampling of the data, the frequency of data in time and the spatial
coverage, affect the performance metrics. Overall, the performance of SMAP and SMOS-IC
products compared slightly better with respect to the ISMN in sifu observations than the other

remotely-sensed products.
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1. Introduction

Surface soil moisture (i.e. the water content in the first few centimeters of the soil;
referred to as SM in the following) is a key state variable in better understanding the climate
system through controlling land surface energy, water budget partitioning (Chen et al., 2016;
Koster et al., 2004; Miralles et al., 2014a; Miralles et al., 2014b; Pitman, 2003; Seneviratne et
al., 2010; Seneviratne et al., 2013), and its important role in the carbon cycle (Jung et al.,
2017). Monitoring SM at the regional scale has become possible thanks to active and passive
microwave remote sensing. In the past two decades, several satellites were launched carrying
either a radiometer (passive) or radar (active) or both, using frequency bands with various
spatial and temporal resolutions. These satellites (or sensors) include, but are not limited to,
SMAP (Soil Moisture Active Passive) launched by the National Aeronautics and Space
Administration (NASA) in 2015 (Entekhabi et al, 2010), SMOS (Soil Moisture and Ocean
Salinity) launched by the European space agency (ESA) in 2009 (Kerr et al., 2001), and ASCAT
(Advanced Scatterometer) (Wagner et al., 2013) on board the meteorological operational (Metop)
platforms Metop-A, Metop-B, and Metop-C. Since then, SM was retrieved from either
brightness temperature (passive) or backscatter coefficient (active) observations relying
mainly on radiative transfer model inversion (passive; Mo et al., 1982), change detection (active;
Wagner et al., 1999), or neural network algorithms (Kolassa et al., 2018; Rodriguez-Fernindez et al., 2016).
These remotely sensed SM products are provided separately or blended (such as the one
produced by the ESA project: Climate Change Initiative (CCI) SM long time series (Dorigo et
al., 2017; Liu et al., 2012)).

Performance evaluation of these remotely-sensed SM retrievals is important to help
improving satellite products and evaluating their interest for possible applications in climate,
hydrology, and natural hazards (flood, drought, etc.). Numerous validation/evaluation studies

of satellite-based SM retrievals have been conducted during the last decade (e.g., Al-Yaari et al.,
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2014a; Al-Yaari et al., 2014b; Al-Yaari et al., 2015; Al-Yaari et al., 2017; Albergel et al., 2009; Albergel et al., 2012; Brocca

et al., 2011; Colliander et al., 2017; Dorigo et al., 2015; Draper et al., 2009; Kerr et al., 2016; Pierdicca et al., 2013; Sahoo et

al., 2008; Su et al, 2013) using different approaches (e.g., sparse and dense networks, core
validation sites, field campaigns, inter-comparisons among satellites, model simulations,
etc.). However, SM retrieval algorithms are in rapid development and their
improvements/revisions are ongoing adopting new concepts or conducting new calibrations;
thus improving parameterizations and optimizing parameters in the algorithms (Wigneron et
al., 2017). Therefore, new SM products and new versions of SM products have been released
that are not, to our knowledge, comprehensively evaluated and inter-compared yet. One such
new product is the SMOS-IC SM product, which was recently developed by INRA (Institut
National de la Recherche Agronomique) in collaboration with CESBIO (Centre d'Etudes
Spatiales de la BIOsphere) (Fernandez-Moran et al., 2017b). To our knowledge, the last SMOS-IC
version has only been evaluated against modelled SM data from ECMWF (Fernandez-Moran et al.,
2017b), although a previous version was already tested using several in situ datasets from
ISMN (International Soil Moisture Network) for the period 2011-2013 (Fernandez-Moran et al.,
2017a). The objective of this study is to evaluate the SMOS-IC SM product along with the
most recent versions, available at the time of writing, of five other satellite-based SM
products, namely: NASA SMAP Level 3 (V4), ESA SMOS Level 3 (V300) and Level 2
(V650), ASCAT (H111), and the CCI long-term record SM (V04.2). This was achieved using
ground-based surface SM measurements from the ISMN (Dorigo et al., 2011; Dorigo et al., 2013). For
the passive sensors, we limited this study to L-band SM retrievals which are more optimal for
monitoring SM. Other key SM observations (AMSR-E/AMSR?2) were merged in the CCI
product. This paper is organized as follows. The datasets and scores used are briefly
described in Section 2. Results and discussion are presented in Sections 3 and 4,

respectively. Finally, concluding remarks are given in Section 5.
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2. Materials and Methods

2.1

Datasets

Table 1 presents an overview of the SM products used in this study. More details are given in

the following subsections.

Table 1. Overview of all soil moisture data sets under investigation.

Passive Active Combined
(CCI)
Sensor SMOS SMAP ASCAT SMMR
SSM/T
TMI
AMSRE
AMSR2
Windsat
ERS
ASCAT
SMOS
Satellite SMOS SMAP Metop-A & Metop-B Various
Time period Jan 2010—present Mar 2015-present Jan 2007—present Jan 1978-
Dec 2016
Band frequency 1.4 GHz 1.4 GHz 5.3 GHz 1.4-
19.3 GHz
Spatial sampling 15 km DGG - 25 km | 36 km EASEv2 12.5 km 0.25°
EASEv2
Sensor resolution | 27-55 km 43 km 25-34 km various
Spatial coverage | Global Global Global Global
Acquisition time | Descending: 06:00 pm Descending: 06:00 am Descending: 09:30 am | -
Ascending: 06:00 am Ascending: 06:00 pm Ascending 9:30 pm
Product version SMOSL2 V650 SMAPL3 V4 HI11 CCIV04.2
SMOSL3 V300
SMOS-IC V105
Unit m3/m?3 m3/m3 Degree of saturation (%) m3/m?3
2.1.1 SMOS

The SMOS satellite, developed by the ESA with contributions from CNES (Centre

National d'Etudes Spatiales) and CDTI (Centro para el Desarrollo Tecnolégico Industrial), is

the first polar orbiting L-Band (1.4 GHz) radiometer, with a spatial resolution of (~ 43 km)

and 3-day revisit. The SMOS satellite mission has been providing fully polarized brightness

temperature (TB, level 1) observations since 2010 and over a range of incidence angles (~ O-
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60°) (Kerr et al., 2010). These SMOS TB observations are used to retrieve SM and vegetation
optical depth (VOD) using a forward emission model, namely, the L-band Microwave
Emission of the Biosphere (L-MEB) model (Wigneron et al., 2007). The retrieval approach is
simply based on iterative estimation of SM and VOD values providing the lowest difference
between modelled and observed TB data by minimizing a cost function (sum of the squared
weighted differences between modelled and observed TB) (Wigneron et al., 2000).

Currently, there are three main physically-based SMOS SM retrieval products
available (SMOS-IC, SMOS Level 2 (LL2), and SMOS Level 3 (L3)), for which all: (i) use the
L-MEB radiative transfer model (ii) provide SM as volumetric water content (m*/m?) with
global coverage of 3 days; (iv) provide data at both ascending (06:00 am) and descending
(06:00 pm) orbits; (vi) adopt the NETCDF format for the products; and (vii) use the
European Centre for Medium-Range Weather Forecasts (ECMWF) soil temperature products.
However, the products differ by the projection and grid used as well as with the temporal
aggregation for L3 products sampling, as detailed below. It should be noted that SMOS

provides also root zone SM at 0-1 m as Level 4.

2.1.1.1 SMOS-IC

In this study, we used the SMOS-IC V105 SM product. The SMOS-IC SM product is
based on a relatively simple approach that considers homogeneous pixels (unlike SMOSL3
and SMOSL2 where the details of the SMOS footprint at a resolution of 4 km x 4 km are
taken into account), to avoid possible uncertainties and errors associated with the datasets
used to characterize the heterogeneity of the pixel in the SMOSL2 and SMOSL3 algorithms.
The SMOS-IC inversion algorithm aims at a minimal use of auxiliary data through the
optimal use of the multi-angular TB observations. Therefore, SMOS-IC (unlike SMOSL?2 and
SMOSL3) does not use ECMWEF SM or the Moderate Resolution Imaging Spectroradiometer

(MODIS) LAI (Leaf Area Index) products as first guesses and in the simulation of TB over
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heterogeneous pixels including forested areas. In SMOS-IC, the effective vegetation
scattering albedo (@) parameter was optimized using the ISMN in-situ observations (Fernandez-
Moran et al., 2017a) and the roughness parameters were derived from the global map of Parrens et
al. (2016). The "optimization" process of ® led to a very simple result: ® ~ 0.1 over low
vegetation and bare soils, while ® ~ 0.06 over forested areas. Also, SMOS-IC does not take
into account the corrections associated with the characterization of the antenna patterns as a
function of viewing angle and azimuth. To filter out observations/retrievals strongly impacted
by RFI (the probability of instantaneous radio frequency interferences) effects, SMOS-IC SM
retrievals were excluded when the Root Mean Square Error (RMSE) between SMOSL3 TB
and simulated TB > 10 K in the present study. SMOS-IC is currently delivered as a scientific
product in the Equal-Area Scalable Earth (EASE) grid version 2 at 25 km resolution and
publicly available at CATDS (Centre Aval de Traitement des Données SMOS):

https://www.catds.fr/Products/Available-products-from-CEC-SM/SMOS-IC.  Note  that
although SMOS-IC was recently released, it corresponds to the initial SMOS 2-Parameter
retrieval approach, relying on the relatively low temporal variation of VOD, and fully
described in Wigneron et al. (2000). Also note that SMOS-IC is currently in its first version
and is thus prone to evolve and progress as it is still undergoing refinements and

improvements.

2.1.1.2 SMOSL2

In this study, we used the SMOSL2 SM product in version V650. There are some
changes in this version relative to the previous ones (e.g., V620) such as updating some
processing parameters (e.g., Chi? rescaling), configuration (that can be used for additional
quality control checks), and auxiliary files. The most important one is replacing the
ECOCLIMAP (218 ecosystems) database (Masson et al., 2003) with the International Geosphere

Biosphere Programme (IGBP; 17 land cover classes) land cover map (Friedl et al., 2010), which is
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also used by the SMAP Level 2 algorithm. This change influences the distribution of the
forested areas (FO) and the nominal vegetated soil and therefore leads to different SM values
from previous versions.

SMOSL?2 (and SMOSL3) algorithm considers pixel heterogeneity and inversion is
done on the dominant fraction: low vegetation, bare soil or forest and water surfaces. On the
non-dominant fraction, auxiliary information (e.g., ECMWF SM and MODIS LAlfmax, the
maximum yearly value of LAI) is used to simulate TB and to better constrain the model
inversion. However, these auxiliary data contain errors that can propagate in the inversion
algorithm, which may lead to noise and bias in the SM retrievals. In the latest SMOSL2
version, ECMWF SM is used to simulate TB over heterogeneous pixels including forested
areas after re-scaling. This was done by using cumulative distribution function (CDF)
matching, to better match to the histogram of the SMOS SM retrieved values.

SMOSL2 SM is provided in swath mode in the Icosahedral Equal Area (ISEA) 4H9
Discrete Global Grid (DGG) at 15 km resolution and can be freely obtained from the ESA
website  portal  https://earth.esa.int/web/guest/missions/esa-operational-eo-missions/smos.
Readers are referred to Kerr et al. (2012) for more details. SMOSL2 SM retrievals were filtered
excluding the following: Chi* index (i.e. retrieval fit quality index between the observed

SMOS TBs and the simulated TBs) > 3 and RFI > 20%; where RFI was calculated as

follows:
RF[ = NRFLHNRFly o

MAVAO
where:
NRFIx: is the number of TB flagged for RFI in the X—direction.
NRFly: is the number of TB flagged for RFI in the Y—direction.
MAVADQO: is the total number of TB observations at this point.
2.1.1.3 SMOSL3
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The SMOSL3 SM algorithm is based on the same complex approach (i.e. accounting
for heterogeneity) used in the SMOSL2 but enhanced through a multi-orbit algorithm that
uses retrievals from several revisits over a seven day window (Al Bitar et al., 2017; Jacquette et al.,
2013). In addition, the objective of SMOSLS3 is to provide enhanced products that are easier to
process by the scientific community, given as daily, aggregated in 3-days (moving window
mean), 10-days (median, minimum and maximum values), and monthly (mean) global maps.
Here we used the daily SMOSL3 version 300, which can be freely obtained from the CATDS
website portal in the EASE grid v2 (25 km), which is much easier to process than the grid
used in the SMOSL2 processor. SMOSL3 SM retrievals were excluded when RFI > 20%.
Readers are referred to Al-Bitar et al. (2017) for more details about SMOSL3.

It should be noted here that the soil roughness and effective vegetation scattering
albedo parameters used in SMOSL2 and SMOSL3 are still pre-launch values and thus
different from those currently used in the SMOS-IC algorithm (note that tests made using the
SMOS-IC parameters in SMOSL2 did lead in improvements in the L2 SM retrievals). Also
note that SMOSLS3 is based upon an older version of L2 and that a bug was identified in the

current SMOSL3 algorithm (V300) and will be corrected in the next version.

2.1.2 SMAP

SMAP is a NASA satellite mission that was launched in 2015 to monitor global SM
and landscape freeze/thaw state (Entekhabi et al., 2010). The SMAP satellite carries a
radiometer (operational; 1.41 GHz) and radar (stopped working after about three months of
operation; 1.26 GHz) operating in the L-band frequency. The spatial resolution of radar and
radiometer is ~ 3 km and ~40 km, respectively, with a 1000-km swath width and a constant
40-degree incidence angle. The SMAP mission provides surface (~ 5 cm) SM (Chan et al., 2016)
and root zone SM (I m; Reichle et al, 2017); and also other geophysical variables such as

landscape freeze/thaw (Derksen et al., 2017) and net ecosystem exchange of carbon (NEE) (Jones et
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al,, 2017). Like SMOS, different levels of SM products are delivered as half-orbit products
(swath based product; SMAPL2), daily gridded composites (SMAPL3), and model-
assimilated products i.e. SMAPLA4. In this study, we used the 36-km EASEv2 gridded
L3SMP. V4 SM product (only when the retrieval quality is recommended i.e. unfrozen soils
and a vegetation water content < 5 kg/m?). This version (herein referred to as SMAP) was
preceded by a beta quality version (released in 2015) and Version 3 validated SM data

(released in 2016) (O' Neill et al., 2017).

2.1.3 ASCAT

The Advanced Scatterometer (ASCAT) is a real aperture radar carried on-board
Metop-A satellite that was launched in October 2006, followed by Metop-B satellite launched
in September 2012 (PUM, 2016). Both satellites share the same sun-synchronous near-polar
orbit and are half an orbital period apart from each other (~50 min.). The mean local solar
time of the descending node is 9:30 a.m. and 9:30 p.m. for the ascending node. ASCAT
operates in the C-band frequency (VV polarization) and measures the Normalized Radar
Cross Section (NRCS), also known as backscatter coefficient. The two main ASCAT level 1b
backscatter products are provided at a spatial resolution of 25-34 km and 50 km. The Vienna
University of Technology (TU Wien) semi-empirical change detection algorithm exploits the
multi-angle backscatter measurements from ASCAT in order to obtain surface SM expressed
in degree of saturation (Wagner et al., 1999).

In this study, we used Metop ASCAT Surface SM Climate Data Record (CDR) time
series obtained from the Satellite Application Facility on Support to Operational Hydrology
and Water Management (H SAF), namely, H111 - Metop ASCAT SSM CDR2016: Metop
ASCAT SM CDR2016 time series with 12.5 km spatial sampling. Soil moisture values were
only kept when the confidence flag [frozen or snow cover probability > 50% and using the

Surface State Flag (SSF) information] = 0 (Paulik et al., 2014). The relative surface SM given

10
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in degree of saturation was converted into absolute SM (expressed in m*/m?) using porosity
information (provided with the ASCAT datasets) computed from the Harmonized World Soil
Database (HWSD; (FAO et al., 2012)) using the formulas of Saxton and Rawls. (2006). It should
be noted that, root zone SM index is produced based on ASCAT SM assimilation in the
ECMWF Land Data Assimilation System, namely the H-SAF SM-DAS-2 product. The
reader is referred to the Product User Manual (PUM) for more details (PUM, 2016) about

ASCAT SM.

2.1.4 ESA CCI Soil Moisture

The ESA CCI combined SM product is produced by merging both passive and active
SM products (Liu et al., 2012) and available over 11/1978 — 12/ 2016 on global scale. These
include scatterometer-based SM data (ERS Y2, Metop A/B ASCAT) and radiometer-based
SM data (SMMR, SSM/I, TMI, AMSR-E, WindSat, AMSR2, and SMOS). The merging
between active and passive SM products is done based on a weighted average method with
the weights being proportional to Signal to Noise Ratio (SNR; estimated using triple
collocation analysis) of each product (Dorigo et al., 2017; Gruber et al., 2017). It should be noted that
all these different datasets are scaled to a common model SM climatology, provided by the
Global Land Data Assimilation System (GLDAS) Noah Land Surface Model (Rodell et al., 2004)
using a CDF matching technique. Therefore, this study will show the Bias values but will not
discuss them as they reflect the GLDAS model.

Regions of frozen soils or snow covered soils were already masked in the product
obtained from the level 2 quality flags and no data are provided over rainforest regions
(Dorigo et al., 2017). More details about the theoretical and algorithmic base of this product
and detailed analysis about the uncertainties of the SM datasets can be found in (Dorigo et al.,

2017; Gruber et al., 2017; Liu et al., 2012). The reader is also referred to http://www.esa-soilmoisture-

11
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cci.org for more information about the daily CCI volumetric (m*/m?*) SM product, which is
provided in a NETCDF format with a spatial resolution of 0.25° x 0.25° (WGS 84); and can

be freely downloaded after registration on the CCI SM Website.

2.1.5 ISMN in situ data

The International Soil Moisture Network (ISMN) was initiated in 2009 in order to
support the calibration/validation (cal/val) activities of remotely-sensed SM retrievals (Dorigo
et al., 2011; Dorigo et al., 2013). More specifically, it was supported by ESA in the framework of the
SMOS mission to help in the cal/val activities. Once in situ SM observations are collected
from international networks, they are quality controlled and harmonized to be distributed
through the ISMN website portal: https://ismn.geo.tuwien.ac.at/. Currently, the ISMN
database hosts ground-based SM measurements from about ~ 58 networks located all over
the world. Some of these datasets (e.g., SCAN, the US Climate Reference Network) are
provided in near-real time. The in situ SM networks used in this study during the 2010-2017
period are listed in Table S1 and displayed in Fig. S1, covering a variety of climate and
vegetation conditions (see supplementary materials) but not all ecosystems are equally well
represented. In this study, only SM observations flagged as “Good” were considered in the
evaluations (Dorigo et al, 2013). In addition, OZNET and AMMA networks datasets were
obtained from http://www.oznet.org.au/mdbdata/mdbdata.html and T. Pellarin (personal
communication), respectively. Some networks have their stations distributed over an area that
is smaller than the typical footprint of the space borne instruments considered in this study.
This results in samples that are not independent in the comparisons, but this was not

considered as a problem because the effect is largely the same for each product.
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2.2  Methodology

The satellite SM products were evaluated against ground-based measurements
following two approaches i) using all available SM retrievals for each product within the
period 2010-2017; ii) using common dates (i.e. days where all satellite-based SM
observations are available) between the different datasets, either with or without including
SMAP. Approach (i) is used assuming that the final users of SM products may use these
products separately, and hence limiting the evaluation to common dates may not correspond
to the actual accuracy which will be obtained by the end user. SMAP is available for a shorter
period compared to the other products, and was therefore either included or excluded in
approach (ii) to evaluate the influence of time series length and data sampling in the
evaluation. All products used in this study were provided in “a daily time step”, therefor, in
all these cases the instantaneous overpass times, for each day, were matched with
instantaneous in situ measurements within a time window of 1 hour. Dates with no match
with in situ observations were not considered in the analyses. In addition, stations with a
number of data pairs lower than one month (~31) were excluded from the analyses (e.g.,
Kolassa et al., 2018). Finally, stations where all remotely-sensed SM products obtained
Pearson correlation values (R) lower than 0.5 were screened out.

Four scores, widely used by the SM community, were used here to evaluate the
remotely-sensed SM products: Pearson correlation coefficient (R; Eq. 2) to evaluate the
ability of satellite-based retrievals on capturing SM seasonal variations of in situ
measurements, Bias (Eq. 3) to measure the dryness or wetness of the satellite-based retrievals
compared to in situ observations, RMSE (Root mean square error; Eq. 4), and the unbiased

RMSE (ubRMSE; Eq. 5) given as follows:
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R=\/1— (SMps — SMage)" )
(SMgs — SMpggr )

Bias = (SMgrs — SMggr) 3)

RMSE = \/(SMRS — SMRggr)? 4)
ubRMSE = /RMSE? — Bias? (5)

where SMgg is the satellite-based SM, SMggr is the ISMN in situ SM used as a reference, and
the temporal mean of the entire time series is indicated by an overbar.

The ground-based measurements are based on in situ observations at single location.
Therefore, the in situ data have a spatial support that differs largely from the gridded SM
retrieval products, which themselves are derived from elliptical footprints. The problem is all
the more complex for SMOS, as (i) SMOS retrievals are based on multi-angular observations,
and (ii) the available range of the SMOS observations over a given pixel changes from one
date to the other (with a sub-cycle of about 16 days). Consequently, all metrics will be prone
to representativeness error (Gruber et al., in review). These errors have been earlier analyzed, for
example, by Crow et al. (2012) and Famiglietti et al. (2008). These studies showed that the
representativeness errors significantly affect the reliability of the metrics in the absolute
sense. However, the analysis presented here is comparative in nature and while the
representativeness errors also degrade the ability of the comparisons to detect differences
between the products, the results carry information on relative merits of the products.
Alternative approaches that may mitigate this problem for sparse networks include
deployment of triple collocation technique (for example, (Chen et al., 2017a)), but this is outside
of the scope of this study. Moreover, the sampling depth can be different among satellites and

among in situ sensors thus leading to mismatch in soil depth, which can potentially affect the
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evaluation. OZNET network, for instance, measures SM within the 0-5 cm topsoil layer,
while most of the other networks measure SM at 5 cm.

Furthermore, the SM seasonal cycle was removed by computing R using anomalies
(Ranom). This is to evaluate the ability of satellite-based SM retrievals on capturing the day to
day variability (short variations) of in situ SM observations, which is more important than
absolute values for many applications (e.g. data assimilation) and which also reduces part of
the representativeness issue mentioned above. The anomaly was computed using the

fOHOWiIlg formula (e.g., Parrens et al., 2012; Rodriguez-Fernandez et al., 2016):

SM; — SM (w)

SManom = 51 S/ (w))

(6)

where SM; is the SM value at day (i) and m and SD (SM (W)) are the mean and
standard deviation over a sliding window (w) of 35 days (Albergel et al., 2012; Brocca et al., 2011),
respectively. Note that the seasonalities are not averaged across years into a climatology.

SM time series were extracted from the original grids (e.g., 36 km for SMAP, 25 km
for SMOSLS3, etc.) from those pixels that correspond to each station separately (based on its
latitude and longitude). This being said, it is likely that some stations from a dense network
(e.g., OZNET) may correspond to the same passive (SMAP, SMOS, and CCI) pixel but for
several active (ASCAT) pixels. Then, the metrics between satellite data and the in situ
observations were computed separately for each station. Finally, the median of each metric
for all stations within a continent was calculated. In addition, the median of each metric for
all stations within a land cover type (derived from MODIS (Fried! et al., 2010)), LAI category, or
Koppen-Geiger climate zone (Rubel et al., 2017), displayed in Fig. S1 (in the supplementary),

was also computed and presented in the following section. Correlation coefficients (R) are
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not additive measures and thus cannot be simply averaged; therefore, the median was instead

computed. The spatial standard deviation is added to the median skill metrics.

3. Results

3.1 Using all available observations

The four scores (R, Bias, RMSE, and ubRMSE) were computed between remotely-
sensed SM retrievals (if available) and 17 ISMN in situ observation networks listed in Table
S1 in the supplementary. As mentioned before, all observations available within the 2010-
2017 period were considered. This being said, the period used to compute the scores for each
product can be different.

Fig. 1 shows the overall performance (R, Ranom, Bias, RMSE, and ubRMSE scores) of
each product stratified by continent. For stations located in Africa, ASCAT had overall
slightly higher correlation values but also higher Bias, RMSE, and ubRMSE values than all
other SM products. Nonetheless, there are small differences in terms of R between the
remotely-sensed SM products (R ranging from ~0.75 to ~0.80). Therefore, temporal SM
variations from in sifu stations over sites in this continent are well reproduced by the
remotely-sensed SM products. However, Ranom dropped for all the remotely-sensed SM
products with higher and similar performances by SMAP and SMOS-IC. Over this region, all
products were wetter than the in situ observations (consistent with Al-Bitar et al. (2017) for
SMOS V300 and Rodriguez-Ferndndez et al. (2016) for ESA CCI V2.02 SM).

For the U.S. networks (e.g., SCAN, SNOTEL, SOILSCAPE, USCRN, etc.), SMAP
had the highest correlation (followed by SMOS-IC), lowest ubRMSE and RMSE values

(followed by CCI). In terms of Ranom, SMOS-IC had the highest value, whereas the other five
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products had similar performances. All data sets were drier than the ISMN observations with
the highest Bias values obtained by SMOS-IC.

For the Australian network (OZNET), while SMOS-IC and CCI had the lowest
ubRMSE (followed by SMOSL2 SM) and RMSE values, SMAP and SMOS-IC had the
highest correlation (original and anomalies) values along with SMOSL2 and SMOSL3. All
products were wetter than the in situ observations. The results over the OZNET network are
consistent with Colliander et al. (2017) who also showed, for instance, that SMAP is wet
(although the study was based only on data of the Yanco site and used SMAPL2 V2).

In case of the European networks (e.g., REMEDHUS, SMOSMANIA, BIEBRZA_S-
1, RSMN, HOBE, etc.), ESA CCI SM had the lowest overall ubRMSE (followed by SMAP)
and RMSE values, while SMAP and SMOS-IC showed the highest values in terms of
correlations. SMOS-IC, again, had the highest Ranom values. There is a strong variability in
terms of Bias for the different products: from an underestimation by all SMOS products to an
overestimation by SMAP, ASCAT and the ESA CCI SM.

Generally, the best performance of all remotely-sensed SM products was found over
Australian and African stations, while the worst and diverse results were found over the U.S.
and Europe. Remarkably, a systematic overestimation or underestimation of the ISMN in situ
observations has been observed by remotely-sensed SM products over stations located over
Africa (and Australia) and America, respectively. Generally, for areas without or with very
few RFI (Australia and Africa) SMOS had positive biases but when there are many (Europe)
it is always negative (Bircher et al., 2012). It should be noted that some areas are much better
represented than others (US vs Africa for instance) in terms of number of points and that for

Africa only one ecosystem is considered when it ranges from temperate to arid via tropical.
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Figure 1 Median evaluation metric (R, Raom, Bias, RMSE, and ubRMSE) for the entire period 2010-
2017, across all sites for all products (without data cross masking) compared to ISMN in situ SM,
stratified by continent: America (n=448 stations), Australia (n=46 stations), Europe (n=128 stations),
and Africa (n=13 stations). Error bars represent the standard deviation (SD; variability) of the
station metrics (median+SD) and do not represent anything on the temporal sampling frequency.

3.2  Using only temporally collocated data

3.2.1 For the SMAP period (Jan 2015-Dec 2016)

Here, we limited the analyses to only common dates by doing a temporal collocation

between the different satellite-based SM retrievals (Fig. 2). Due to the short period of SMAP,
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only 9 networks out of 17 were retained: OZNET, PBO_H20, REMEDHUS, RSMN, SCAN,
SMOSMANIA, SNOTEL, SOILSCAPE, and USCRN. As expected, the rank of the product
performances in Fig. 2 is different to the one shown in Fig. 1 (without temporal collocation).

Over the U.S. networks (North America), SMOS-IC, SMOSL2, and SMAP (ASCAT)
had the highest (lowest) correlations (both original and anomalies). There is almost similar
performance in terms of R and RMSE values between SMOSL2, SMOS-IC and SMAP but
lowest (highest) ubRMSE was obtained by SMAP (SMOSL3 and ASCAT). All products
(except for ESA CCI SM, whose bias is the model bias of GLDAS Noah) are drier than the in
situ observations; with, again, marked underestimation by SMOS-IC as already seen in Fig.
1. Lower Ranom values were obtained by all products but the performance rank of the products
was unchanged.

Over the Australian network (OZNET), all SMOS versions and SMAP had almost
similar performance in capturing the temporal dynamics (both annual cycle and day to day
variations) of the ISMN in sifu observations and better compared to in sifu observations than
ESA CCI SM and ASCAT SM products. SMOS-IC and SMOSL3 (SMAP) had the lowest
(highest) ubRMSE values. All SMOS products had similar RMSE values and lower than the
other products. All remotely-sensed SM products were wetter than the in situ measurements

(with the exception of SMOS-IC).
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In case of Europe, there is generally no big difference in terms of correlations
between the products but strong differences can be noted in terms of UbRMSE and Bias.
SMOS-IC and ASCAT had the highest Ranom values against the ISMN observations.
Similarly to what was already found in Fig. 1, while all SMOS SM products were drier than
the in situ measurements, ESA CCI SM and ASCAT were wetter than the in situ

measurements.

3.2.2 For the period without SMAP (Jan 2010-Dec 2016)

Excluding SMAP, only SMOS, ESA CCI, and ASCAT SM products were considered.
Here, fourteen in situ SM networks were retained: AMMA, ARM, BIEBRZA_S-1, DAHRA,
HOBE, OZNET, PBO_H20, REMEDHUS, RSMN, SCAN, SMOSMANIA, SNOTEL,
SOILSCAPE, and USCRN. As done in Figs. 1 and 2, Fig. 3 shows the overall performance of
the remote-sensing SM products stratified per continent.

In the case of sites located over Africa, there are generally strong correlations between
satellite-based SM products and the in situ observations with similar performances in terms
of correlations (R) - with the exception of SMOSL3- and lowest ubRMSE values were
obtained by SMOS-IC and ESA CCI SM products. As over America and Europe, no change
in terms of Bias from Fig. 1 was found. It should be noted that SMOSL2 outperformed
SMOSL3 in most scores, which is in line with the findings of Al Bitar et al. (2017), using
SMOSL2 V620 and SMOSL3 V300.

For the U.S. networks, SMOS-IC (followed by SMOSL2 and ESA CCI) presented
slightly higher correlation values. SMOS-IC and SMOSL2 presented higher Ranom and the
other three products performed similarly. As found in Fig. 1, all data were drier than the in

situ observations except ESA CCI SM which is wetter, with again marked underestimation by
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SMOS-IC. Similar and lower RMSE values were obtained by ESA CCI, SMOSL2, and
SMOS-IC. Similar and lower ubRMSE values were obtained by ESA CCI and SMOS-IC.

Over the Australian network, the highest correlation values (R and Ruaom) were
obtained by SMOS-IC, SMOSL2, and SMOSL3. The lowest ubRMSE value was obtained by
SMOSL2. In general, over Australia, the SMOS SM products perform better than the ESA
CCI SM and ASCAT (in line with the findings of Holgate et al. (2016)) products but there are
small (or no) differences between the SMOS products and the ESA CCI SM products in
terms of RMSE and ubRMSE values with SMOSL2 product being the best for UbDRMSE and
SMOS-IC for RMSE. No change in terms of sign of Bias from Fig. 1 (although the
magnitudes are different).

In the case of sites located over Europe, SMOS-IC (followed by ESA CCI SM and
ASCAT), again performed slightly better in terms of correlations (R and Ranom) than the other
products but the lowest ubRMSE values were obtained by ESA CCI SM. Lowest RMSE
values were obtained by ESA CCI, SMOSL3, and SMOSL2. No change in terms of sign of

Bias can be noted in comparison to Fig. 1.
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3.3 Impact of vegetation and climate

For the ISMN networks used in this study, climate and land cover can be quite
heterogeneous in some continents (e.g. America, Europe) and relatively homogeneous in
others (e.g. Australia, Africa). So in this section we analyze more in depth the impact of

vegetation and climate on the performances of the satellite-based SM products.

3.3.1 Vegetation

There is consensus among the SM community that vegetation density affects the
remotely-sensed SM quality (Jackson et al., 1982; Wigneron et al., 2017). Earlier studies
(e.g., Al-Yaari et al., 2014a; Al-Yaari et al.,, 2014b) found that the performance of the
satellite-based SM products varies depending on the vegetation density and land cover type.
This section is devoted to re-evaluate the impact of vegetation on the performance of SM
products using new SM versions/products. Given the fact that all SMOS products (i.e.
SMOS-IC, SMOSL3, and SMOSL2) use SMOS TB observations and ECMWF soil
temperature data, they are not totally independent. Also, there is slightly better performance
of SMOS-IC over the other SMOS products. Therefore, to simplify the inter-comparison, this
section is limited to the SMOS-IC version and other none-SMOS products. The evaluation
scores (for all stations) i.e. R, Ranom, Bias, RMSE, and ubRMSE are stratified based on the
IGBP land cover type (see Fig. S1 in the supplementary). Results, based only on common

dates within the period 2015-2016 (2 years), are displayed in Fig. 4.
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Figure 4 Median metrics (R, Ranom, Bias, RMSE, and ubRMSE) of all sites stratified by IGBP land
cover type (see Fig. S1) for SMOS-IC, ASCAT, CCI, and SMAP: Mixed forest (5; n=1 station), Open
shrublands (7; n=10 stations), Woody savannas (8; n=8 stations), Savannas (9; n=27 stations),

Grasslands (10; n=132 stations), Croplands (12; n=67 stations) ,

Cropland/Natural

vegetation

mosaic (14; n=22 stations). n denotes the number of stations per land cover type. Error bars
represent the standard deviation (SD; variability) of stations (median+SD). Only data points at
common dates within the period 2015-2017 are included.
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In terms of correlation (R), similar performances between the four products (SMOS-
IC, ESA CCI SM, ASCAT, and SMAP) were found over “Open shrublands”, “Croplands”,
and “Mixed forest”. A notable difference between ASCAT (lower performance) and the other
three products was found over “Woody savannas”. SMOS-IC and SMAP had best
correlations with the ISMN observations over “Cropland/Natural vegetation mosaic”. SMAP
and SMOS-IC had the highest anomaly correlations over “Grasslands” and ‘“Croplands”.
ASCAT was correlating better to in situ measurements anomalies over “Savannas”. All the
four products agree in terms of sign of the bias value: while all underestimated the ISMN
observations over “Cropland/Natural vegetation mosaic” and “Savannas”, they all
overestimated the ISMN observations over “Woody savannas”. However, there is no
agreement between products in terms of sign of the bias over all other land cover types. In
terms of RMSE and ubRMSE, while ASCAT had generally the highest values, the other three
SM products performed similarly over most of the land cover types.

A different insight on the impact of vegetation on the performance of satellite-based
SM retrievals with respect to the ISMN in sifu observations can be seen in Fig. 5. Fig. 5
displays the median of all the statistics considered in this study stratified based on MODIS
LAI categories: 0-1, 1-2, and 2-3 m*/m? (see Fig. S1 for the MODIS LAI map). Evidently,
because the prior data masking to locations with less than 5 kg/m*> VWC, only limited data
are available for evaluation in densely vegetated areas. It can be noticed from this figure that
there is an increase in ubRMSE for all remotely-sensed SM products with increasing
vegetation density. For SMAP and ESA CCI there is a high variability of their performances
among stations as indicated by the high standard deviation over the LAI 2-3 category. In
terms of R, similar performances among products can be noticed over the category 0-1 but
better performance was obtained by SMOS-IC going from 0-1 to 2-3 categories, whereas

ASCAT retrievals degraded for denser vegetation. The best Ranom values were obtained by
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SMOS-IC (followed by ASCAT) and SMAP (followed by SMOS-IC) over the 2-3 and 1-2
categories, respectively. SMOS-IC and SMAP performed similarly in terms of Ranom over the
0-1 category. In terms of ubRMSE, none is superior over all LAI categories. For instance,
while SMAP, SMOS-IC, ESA CCI SM products had similar ubRMSE values over regions
with LAI values ranging between 0 and 2 m*/m?, SMOS-IC and SMAP had lowest values
over the LAI 2-3 category. The four products only agree in terms of sign of bias (dry) over

LAI 1-2 category and higher Bias values were obtained by SMOS-IC.
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3.3.2 Climate

Climate is another factor that can impact the performance of the remotely-sensed SM
products. In this study, we assessed the relationship between satellite performance metrics
and the Koppen-Geiger climate classification (Kottek et al., 2006). Fig. 6 displays the median of
all the statistics considered in this study as a function of K&ppen-Geiger main climates (see
Fig. S1 for the Koppen-Geiger map): “Equatorial (Savanna) climates: (A)”, “Arid and semi-
arid climates (B)”, “Warm temperate climates (C)”, and “Cold climates (D)”. It can be
noticed from this figure that there is a high variability in the performance of the satellite-
based products over regions classified as “B”, “C”, and “D” in terms of Bias. All remotely-
sensed SM products have comparable performances (with small differences) in terms of
correlations over “A”, “B”, and “D” climates in terms of R. The lowest correlations and
highest RMSE and ubRMSE values for all products were obtained over “cold climates”
climate. SMAP and SMOS-IC correlated better to the ISMN observations over “warm
temperate climates” climates than ESA CCI and ASCAT. ASCAT had higher RMSE and
ubRMSE over all the main climates and lower Ranom over “B”, “C”, and “D”. However,
ASCAT had higher correlations (both original and anomalies) over “Equatorial (Savana)
climates”. The correlations values computed based on anomalies were lower than the original
ones particularly over “Equatorial (Savana) climates” and the performance is more spread
over the stations. SMAP had a higher Ranom over “cold climates” but comparable with
SMOS-IC over “Arid and semi-arid climates” and “warm temperate climates” and with
SMOS-IC and CCI over “Equatorial (Savana) climates”. In terms of anomalies, the rank of
the products did not change over “Arid and semi-arid climates”. With the exception of CClI,
remotely-sensed SM products had underestimated in situ observations over “warm temperate
climates” and “cold climates” and overestimated the ISMN SM observations over “Equatorial
(Savana) climates”. With the exception of ASCAT, all products had comparable ubRMSE
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641  Figure 6 Same as Figure 4, but now grouped by Koppen-Geiger main climates (see Fig. SI). A:
642  Equatorial (Savanna;, n= 8 stations), B: Arid and semiarid (n=90 stations), C: Warm temperate
643  climates (n=132 stations), D: Cold climates (n=42 stations). Source of the climate classifications:
644 (Kottek et al., 2006).
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4. Discussion

Based on the evaluation results shown above in Figs. 1-3, it was found that comparing
remotely-sensed SM product to the ISMN in-situ measurements individually (i.e. taking all
available observations) or limiting observations to the availability of the other remotely-
sensed SM products can impact the evaluation scores and the ranking of the various SM
retrieval products, due to differences in spatial and temporal sampling. On the one hand,
considering all observations, SMAP and SMOS-IC gave the best performance in terms of
correlations (Fig. 1), while on the other hand, they had similar performance to SMOSL2 and
SMOSL3 when considering only common dates over the Australia network (Fig. 2). Another
example concerns stations situated over Africa, where ASCAT provided the highest
correlation value (though the differences were small) when considering all observations (Fig.
1) but when considering only observations collocated with the other products, a similar
performance with CCI, SMOSL2, and SMOS-IC (Fig. 3) was obtained.

In some cases, the performances were unchanged when cross masking data. This may
be coincidence, or it may indicate that the masked data are indeed a representative subsample
of all data. For instance, in terms of ubRMSE, ESA CCI SM was the best in all cases over
Europe. SMOS-IC was the best for ubRMSE and this position was unchanged whether all
observations were considered (Fig. 1) or considering only common dates (Figs. 2 and 3) over
the Australian network. All remotely-sensed SM products were consistently wetter than the
ISMN SM products over the African and Australian networks in all cases considered in this
study i.e. using all observations or only common dates. Similarly, the small bias in dryness
(wetness) of ASCAT, SMAP, and SMOS (ESA CCI SM) with respect to the ISMN
observations over stations located in the U.S. persisted, regardless of the data masking. The
dryness of SMAP is in line with previous studies conducted by Chen et al. (2017b), over the

Tibetan Plateau. The presence of bias is a common problem of the remotely-sensed SM
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products analyzed in this study. Other than the representativeness errors between the point-
scale in situ measurements and coarse-resolution space borne products, the absolute value of
Bias is affected by (Al Bitar et al., 2017; Draper et al., 2009; Escorihuela et al., 2010; Jackson et al., 2012):
different sensing depths (and thus observed volume), the use of auxiliary variables from
models (e.g., soil temperature), uncertainties due to the in sifu sensor errors, scaling and
conversion of units (mainly for ESA CCI SM and ASCAT), and spatial heterogeneity.

Overall, the ubRMSE is larger than the target uncertainty of 0.04 m*/m?® when doing
an evaluation against sparse networks, which suffer largely from representativeness error. It
is worth noting that the ubRMSE values (particularly for SMAP) found in this study are in
line with those found by El Hajj et al. (2018), but larger than those found by Colliander et al.
(2017) and Chan et al. (2016). These later studies used core validation sites, which have
significantly smaller representation errors through upscaling of the dense SM networks; here
we considered the median value of the scores of individual stations within continents, land
cover types, or climate zones. Furthermore, it was shown that ASCAT generally had the
highest ubRMSE values compared to other products over most of the networks and lower
correlations over arid environments. This could be explained by volume scattering in dry
sands and the fact that the ASCAT product is given as a degree of saturation unit, which was
converted to the volumetric units (i.e. m*m?) using soil porosity information (Wagner et al.,
2013). Soil porosity datasets are often not very accurate (Brocca et al., 2011), and they may
significantly affect the Bias and ubRMSE scores obtained by ASCAT. In addition, it should
be noted that the Bias values obtained for ESA CCI are imposed by the GLDAS Noah model,
as already mentioned above.

The increase in R values when only common data points are used is most likely
because less stations are included, which each now has a more complete time series, allowing

to sample more of the long-term variability. When excluding SMAP from the analyses (Fig.
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3), SMOS-IC generally (followed by SMOSL2 and ESA CCI in most cases) ranked first in
terms of correlations (both original SM values and anomalies) for most of the ISMN stations
considered in this study. However, the differences in R values are rather very small. The
slightly better performance of SMOS-IC is probably due to the improvements introduced into
the algorithm (e.g., limiting the use of auxiliary information, new calibration, etc.). However,
SMOS-IC showed higher Bias values comparing to other products which is expected as Bias
was considered as the least important metric in the SMOS-IC SM algorithm calibration
processes (Fernandez-Moran et al., 2017a).

While the best performances of all remotely-sensed SM products in terms of
correlation was found over the Australian and African networks (due to common low
vegetation density over these networks), the worst and more diverse results were found over
the European networks (particularly SMOS). However, in most cases and particularly for
stations located over Africa, anomaly correlations were lower than for the original
correlations, which means that the correlations of those stations were controlled by the annual
cycle (pronounced dry and wet seasons). In the case of Europe, the SMOS observations are
affected by RFIs plus snow freezing not always well taken into account (partial coverage,
human impacts) that could partially explain the lower performances of SMOSL2 and
SMOSL3 over this continent.

As RFIs signals play a key role in the accuracy of the SM products retrieved from the
passive microwave systems, we further analyzed the impact of this factor in Fig. 7 for the
SMOS sensor, (times series of observations were too short for the SMAP data which are not
included in this analysis). More specifically, the time variation in the quality of the SMOS
SM product since 2010 was investigated over the four continents: America, Australia, Africa,
and Europe. The correlation values shown in Fig. 7 (upper panel) were calculated for each

year separately between the SMOS-IC and ISMN data and then only the median of all sites
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per continent and year was retained. In Fig. 7 (upper panel), it can be seen that the
performance of SMOS-IC over America is stable with no substantial differences between
years. Over Australia and Europe (except for 2015), there is a small tendency of increasing
correlations from 2010 onwards. Over Africa, there is no obvious trend as the performance of
SMOS-IC changes from one year to the other. In order to investigate the effect of RFI on the
SMOS-IC results in Fig. 7 (upper panel), the temporal mean of the RMSE of the fit between
measured and simulated TB (which can be consided as a proxy of RFI impacts on the TB
observations) was computed per year and spatially averaged for the same corresponding
entire continents; displayed in Fig. 7 (lower panel). While a substantial decrease in RFI can
be noticed over America, RFI over Australia keeps stable throught the seven years. Over
Africa and Europe, RFI signals effects changed from one year to the other with no general
trends. Interestingly, the notable decrease in the performance of SMOS-IC over 2013-2014
over Africa and 2015 over Europe correspond to higher RFI levels than in the preceding and
following years. So, these figures tend to confirm that the RFI effects may be a key factor to
explain time variations in the performance of SMOS-IC over these continents. The lowest
RFI signals among continents were found over Australia, which was reflected in the best
performance of SMOS-IC in all years in terms of correlations over the continents. The results
showed that the performance of SMOS datasets is still highly affected by RFI signals, even if
the ESA already put lot of effort in closing down many RFI sources (Oliva et al., 2016). However,
this cannot be generalized as for instance over Europe, the TB RMSE decrease in 2011

(lower RFI conditions) matches with an R-decrease in SM.
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743 Figure 7 Correlation between SMOS-IC SM and the ISMN in situ SM observations (upper panel) and
744  RMSE of the fit between measured and simulated TB (bottom panel) during the 2010-2016 period

745  over Africa, Europe, America, and Australia. Correlations were calculated per year separately for all

746 stations located in the same continent and then the median of all stations was computed.

35



747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

Other general disturbing factors that impact the performance of the remote sensing
SM products over Europe include climate, dense vegetation, or mountains. The regions of
SM networks over the African and Australia networks are relatively homogenous with less
spatial variability in SM, which led to higher skills of remote sensing retrievals (e.g., Dorigo
et al., 2012). In terms of correlations and ubRMSE: while lowest performances (with more
variability) of most the remotely-send SM products were obtained for “cold climates”, which
is expected due to the effects of snow and frozen conditions that are not well filtered or the
landscape (vegetation, soil) is very different from the other areas where much of the
algorithm development has occurred. Highest performances were obtained over “tropical
savanna climates”, which is, as mentioned above, mainly controlled by the annual cycle. This
indicates that climate and the time series length is a significant factor when comparing
satellite-based SM products.

The better performance, particularly in terms of temporal dynamics, of SMAP and
SMOS-IC over active (ASCAT) products, using only common dates, over regions where LAI
range between 2 and 3 m*’m? is probably due to the fact that SMAP and SMOS (and ESA
CCI which contains SMOS) operate at L-band which is optimal for SM monitoring: L-band
observations have higher penetration capabilities through dense vegetation and lower
sensitivity to atmospheric effects such as heavy rainfall events than higher frequencies (C-
and X- bands). However, over these regions, ASCAT showed similar Ranom as SMAP. Over
some land cover types/regions, the ESA CCI SM product was performing similarly to SMOS-
IC and SMAP, which is probably due to the fact that it contains SMOS L-band observations.
The small difference in correlation values (both R and Ranom) between SMOS-IC (higher) and
SMAP (lower) over regions where LAI values range between 2 and 3 could be due to the
capability of SMOS satellite to measure TB at multi-angular incidence angles and thus better

decouple between the soil and vegetation effects. Conversely, the better performance, mainly
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in terms of ubRMSE of SMAP over the SMOS products is generally due to the improved

technology used in SMAP (SMAP has a much better RFI filtering).

4 Conclusion

In this study, the assessment and inter-comparison of six recently
developed/reprocessed satellite SM products (i.e. SMOS-IC, SMOSL2, SMOSL3, SMAP,
ASCAT, and ESA CCI SM) against the ISMN ground-based measurements across different
climate and vegetation conditions were conducted. This was accomplished using the Pearson
correlation coefficient (R), anomalies (Ranom), Bias, RMSE, and ubRMSE metrics. Several

conclusions can be drawn from the evaluation presented above:

) The performance of the six datasets in terms of correlations (temporal dynamics)
was rather similar over contrasted biomes and climate conditions, but with a
slightly higher skill of both SMAP and SMOS-IC products especially when the
data were temporally collocated;

(i1) The performances of SM products related to systematic and random errors (i.e.
Bias and ubRMSE) varied strongly between products and locations, but with a
slightly higher skill of ESA CCI SM, SMOS-IC, and SMAP products. More
specifically, similar performances in terms of dryness or wetness with respect to
in situ observations were obtained over Australia and America, with the exception
of ESA CCI SM, regardless of the period or temporal collocation. The six
products did not agree in the sign of the Bias over Europe in all of the analyses
presented above. Bias strongly depends on the reference data sets and/or model
parameters used to determine the absolute SM conditions such as porosity data for

ASCAT or GLDAS Noah model for the ESA CCI SM products. Further research
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on teasing out and quantifying systematic errors in satellite-based SM retrievals
should be recommended for the future;

(i11))  When excluding SMAP from the analyses, SMOS-IC was correlating best to the
ISMN in situ observations and both ESA CCI SM and SMOS-IC presented the
lowest ubRMSE values;

(iv)  The performance of SMOS-IC, in particular, seems highly impacted by RFI
(which is not the case for SMAP or to lesser extent) as indicated by the decrease
in correlations values for higher continent-averaged RFI values. RFIs may also to
some extent influence the ESA CCI product which integrates both SMOS and
AMSR-E/2;

v) While the best performance (i.e. a better range of correlation values) of all
remotely-sensed products was found for stations located in Australia and Africa
(semi-arid environments), the worst and more diverse performances were found
over Europe (particularly SMOS) and cold climates; and

(vi) A complementarity between ASCAT, SMOS, ESA CCI SM, and SMAP satellite-
based SM products was demonstrated in this study given the none superiority of
any of them and the different performances of each product over different land

cover classes and climate conditions across the globe.

One should be very careful when trying to select the most skillful product, as the
performance of each product varies based on the period of evaluation, the evaluation
protocol, the data quality control, the number of data points and the study region. These
factors could favor one of the products over the others, as it was demonstrated in this study,
which makes it a challenge to draw firm conclusions. The SM community is actively working

on establishing common guidelines (Gruber et al., in review) for evaluating satellite-based SM
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products, which should help future studies in the ranking of various SM products for various

applications.
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