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Abstract

Since 2010, SMOS (Soil Moisture and Ocean Salinity) retrievals of surface soil moisture (SM)
and vegetation optical depth (VOD) have been produced through the inversion of the so-called
Tau-Omega (TO) vegetation emission model. Tau-Omega is a 0"-order solution of the radiative
transfer equations that neglects multiple scattering, conversely to 1%-order solutions as Two-
Stream (2S). To date, very little is known about the compared retrieval performances of these
emission models. Here, we inter-compared (SM, VOD) retrievals using the SMOS-IC algorithm
running with the TO and 2S emission models. Retrieval performances obtained from TO and 2S
were found to be relatively similar, except that a larger dry bias and a slightly lower SM unbiased
RMSD were obtained with 2S and the VOD values of the two models vary over dense vegetation
areas, both in terms of magnitude and seasonal variations. Considering this and the enhanced

physical background of 2S that allows its implementation as a unified emission model for
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different applications, our study reveals the high interest of using Two-Stream in global retrieval

algorithms at L-band.
Key words: Microwave emission model, SMOS-IC, Tau-Omega, Two-Stream, Soil moisture,

Vegetation optical depth, global retrievals, biomass, ECMWF, MODIS NDVI, ISMN

1. Introduction

Surface Soil Moisture (SM) is a key state variable in the climate and environment system as
it strongly impacts the energy and water balance at the land-surface/atmosphere interface (Koster
et al., 2004; Taylor et al., 2011). It also plays a key role for a wide range of hydrological
applications (Laiolo et al., 2016; Wagner et al., 2007), agriculture applications (Roy et al., 2016),

weather predictions (Tuttle and Salvucci, 2016), and carbon cycle (Jung et al., 2017).

Passive L-band microwave remote sensing with frequent revisits is recognized as a
promising tool for mapping the regional and global SM distribution (Entekhabi et al., 2010; Kerr
et al., 2010; Jackson et al., 2010). Operational space missions using this technology include Soil
Moisture and Ocean Salinity (SMOS), the first mission dedicated specifically to SM mapping,
launched in 2009 by the European space agency (ESA) (Kerr et al., 2010; Kerr et al., 2001) and
Soil Moisture Active Passive (SMAP), the most recent space-borne L-band mission, launched in

2015 by the National Aeronautics and Space Administration (NASA) (Entekhabi et al., 2010).

The operational SMOS retrieval algorithm relies on the dual-polarization and multi-angular
capabilities of the SMOS synthetic aperture radiometer (Wigneron et al., 2017). SM and
vegetation optical depth (VOD), a parameter characterizing vegetation extinction effects, are
produced simultaneously from the inversion of the L-band Microwave Emission of the Biosphere
model (L-MEB; Wigneron et al., 2000). SMOS VOD, as a potentially useful ecological indicator,

has been widely used for vegetation seasonality (Tian et al., 2018), crop modelling (Chaparro et
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al., 2018; Hornbuckle et al., 2016), and biomass estimation (Brandt et al., 2018; Fan et al., 2019b).
In the recently developed SMOS-IC algorithm, VOD and SM are retrieved without external
vegetation or hydrologic products as inputs to the L-MEB forward emission model, making the
SMOS-IC product very interesting for robust applications and inter-comparison analyses (Al-
Yaari et al., 2019b). The current retrieval algorithm of the official SMAP SM product is based on
the Single Channel Algorithm (SCA) (Jackson, 1993) that only retrieves SM, while VOD is
estimated from a linear relationship with vegetation water content (VWC) (O'Neill et al., 2015).
Recently, Konings et al. (2017) have developed a multi-temporal dual-channel retrieval algorithm

(MT-DCA) to simultaneously retrieve SM and VOD from the mono-angular SMAP observations.

Currently, both SMAP and SMOS releases of the SM and VOD products are based on the
inversion of the Tau-Omega emission model (referred to as TO or Tau-Omega in the following)
(Mo et al., 1982). Tau-Omega includes radiative transfer contributions from the soil surface and
the vegetation canopy represented by a uniform “soft layer”, e.g. refraction and reflection at its
upper bound are ignored. As a O™-order solution (the scattering phase function is set to zero) of
the radiative transfer (RT) equations, Tau-Omega neglects multiple reflections at the soil-
vegetation interface, and it is also incompatible with Kirchhoff’s law (Mitzler, 2000).
Furthermore, by neglecting multiple scattering effects within the vegetation layer, Tau-Omega
provides an insufficient representation of volume scattering effects in dense vegetation (Feldman
et al., 2018). However, Kurum (2013) has found that by considering volume scattering through
an equivalent scattering albedo, the 1%-order solution of the RT equations can be well represented
by the 0"-order Tau-Omega. Such an approach was used by Ferrazzoli et al. (2002) to represent

scattering effects over forests.
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In contrast to Tau-Omega, higher order solutions of the RT equations have been proposed
(Feldman et al., 2018; Schwank et al., 2018). Among them, the Two-Stream emission model
(referred to as 2S in the following), was developed in the context of the “Microwave Emission
Model of Layered Snowpacks” (MEMLS) (Mitzler, 1998; Wiesmann and Mitzler, 1999). 2S
holds a stronger physical background than Tau-Omega; in particular, it considers multiple
scattering and reflection. Furthermore, the “soft layer” assumption (e.g. neglecting refraction and
reflection at the upper interface of the medium) is not required in 2S. The latter advantage is
crucial to represent brightness temperatures (TB) over snow-covered ground (Schwank et al.,
2018; Lemmetyinen et al., 2016). The single-layer configuration of the L-band Specific
Microwave Emission Model of Layered Snowpacks (LS-MEMLS), which includes 2S, has been
used to estimate snow liquid water content (Derek et al, submitted; Naderpour and Schwank,
2018; Naderpour et al., 2017) and snow density (Lemmetyinen et al., 2016; Schwank et al., 2015;

Schwank and Naderpour, 2018) from L-band radiometry.

To summarize, in theory, using 2S instead of Tau-Omega in retrieving SM and VOD at

global scale presents almost only some advantages. Using 2S would allow:

(1) the development of retrieval algorithms with the same microwave emission model (EM)
to estimate SM and VOD (Konings et al., 2017; Wigneron et al., 2007, 2017), snow properties
(Naderpour and Schwank, 2018; Schwank and Naderpour, 2018; Lemmetyinen et al., 2016;
Schwank et al., 2015), and ground freeze or thaw conditions (Derksen et al., 2017; Rautiainen et
al., 2014). This development would be thus a key step in simplifying global retrieval algorithms.
Because, presently the use of distinct models (Tau-Omega to retrieve SM and VOD or 2S to
retrieve snow properties and ground freeze or thaw conditions), requires the use of a decision tree
and of ancillary data to detect what is the soil surface status (frozen or non-frozen soil conditions?

4
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snow presence? etc.). All this makes global retrievals more complex. The use of a single model
(2S) for all surface conditions would make the retrieval algorithm much simpler and would be

thus crucial for achieving full exploitation of satellite-based passive L-band observations.

(i1) the use of first order solution of the RT equations, which theoretically provides a better
representation of volume scattering effects in dense vegetation. This is potentially a key step to
achieve accurate SM and VOD retrievals in dense forests, especially in the Amazon and Congo

basins, which are key vegetation areas of the global water and carbon cycle (Fan et al., 2019b).

(iii) using a first order solution of the RT equations which is very simple (the formulation of
the single layer 2S is almost as simple as that of the Tau-Omega model (Schwank et al., 2019))
and which can be easily substituted to the Tau-Omega model, using transformation equations for

the vegetation scattering parameter as developed by Schwank et al. 2018 (see Appendix).

So using 2S in global operational algorithms of the SMOS and SMAP missions is very
promising. However, the application of 2S to achieve global SM and VOD retrievals from
satellite measurements requires an accurate and large-scale evaluation which has not been yet
carried out. Schwank et al. (2018) have compared the performance of 2S and Tau-Omega in
simulating TB and retrieving SM and VOD based on synthetic and close-distance (tower-based)
L-band TB measured during the “Forest Soil Moisture Experiment” (FOSMEX) (Guglielmetti et
al., 2008). But, as most evaluation studies of 2S have been made to date at a local scale, it is not
possible to confirm that 2S is an accurate model for global retrievals of SM and VOD. The
objective of this study is address this issue and to investigate the performance of 2S for retrieving
global SM and VOD in comparison to corresponding retrievals achieved with the traditional Tau-

Omega model using the SMOS-IC retrieval algorithm (Fernandez-Moran et al., 2017a; Wigneron
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et al., 2018). In this study, the current SMOS-IC algorithm version V105 was either used in its
traditional Tau-Omega retrieval configuration (SMOS-ICto) or in the 2S configuration (SMOS-
ICzs). Soil moisture retrievals SMEey achieved with emission models EM = TO or EM = 2S were
inter-compared against the “European Centre for Medium-Range Weather Forecasts” (ECMWF)
modelled SM and the “International Soil Moisture Network™ (ISMN) (Dorigo et al., 2015; Dorigo
et al., 2017) in-situ measurements during 2011 — 2017. Retrievals of VOD»s and VODto were
compared to the “Normalized Difference Vegetation Index” (NDVI) and above-ground biomass
(AGB) (Saatchi et al., 2011). Note that the present study used exclusively SMOS data, but the
final implications are not only relevant for SMOS, but also for other passive L-band missions

(e.2., SMAP).

2. Materials and methods

2.1. Datasets

2.1.1. SMOS TB products

One input of the SMOS-IC retrieval algorithm is SMOS-Level3 (LL3) brightness temperatures
(TB) generated and delivered by CATDS (Centre Aval de Traitements des Données SMOS). The
daily SMOS-L3 TB product consists of brightness temperatures T3 % measured at horizontal and
vertical polarizations (p = {H, V}) and multiple observation angles 8 relative to nadir. SMOS-L3
TB are available for both descending and ascending orbits and are projected on a global Equal
Area Scalable Earth Grid version 2 (EASE-Grid 2.0), with a spatial resolution of 25 km (Al Bitar
et al., 2017). SMOS-L3 TB are top of the atmosphere observations (Al-Yaari et al., 2017) and are
averaged in observation angle bins of 5°, with a bin center ranging from 2.5° to 62.5°. In this

study, only TB (8) layers with 20° < 6 < 55° and a range of available angular values larger than
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10° (Fernandez-Moran et al., 2017a; Fernandez-Moran et al., 2017b) were used, since the error in

SM retrievals decreases for increasing ranges of incidence angles (Wigneron et al., 2000).

2.1.2. SMOS-IC SM and VOD products

We used the current SMOS-IC algorithm version V105, which is an alternative to the
SMOS-L2 and SMOS-L3 algorithms (Fernandez-Moran et al., 2017a), to perform the SM and
VOD retrievals. SMOS-IC was used here because it is simple and it is independent of auxiliary
variables making it very robust for testing (Wigneron et al., 2018) and applications (Al-Yaari et
al., 2019a; Brandt et al., 2018; Tian et al., 2018). The SMOS-IC VOD product has been shown to
perform very well relatively to other SMOS products when compared to reference datasets such
as above ground biomass, tree height and mean annual precipitation, etc. (Rodriguez-Fernandez
et al., 2018). Moreover, recent SM inter-comparison studies with other remotely-sensed products
(ASCAT H111, CCI V04.2, SMOSL2 V650, SMOSL3 V300, and SMAPL3 V4) have shown that
SMOS-IC also performs very well and with similar accuracy as SMAP SM (Al-Yaari et al.,

2019b; Colliander et al., 2019; Quets et al., in press).

The SMOS-IC algorithm relies on a 2-Parameter (i.e., SM and VOD) inversion of the L-
MEB model as defined in Wigneron et al. (2000, 2007). In the L-MEB approach, the 0"-order
Tau-Omega emission model (Mo et al., 1982) is used and the 2-Parameter retrieval of SM and
VOD is achieved by minimizing a cost function that includes the root mean square difference
between observed and simulated TB. We refer readers to Wigneron et al. (2000, 2007, 2017) for
more details on the L-MEB forward emission model. The main features of SMOS-IC are given

below:

1) Through an efficient use of the TB data from multiple observation angles, the SMOS-IC

retrieval algorithm is designed to be as independent as possible from auxiliary data. Notably,

7
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ECMWF modeled soil moisture or Moderate Resolution Imaging Spectroradiometer (MODIS)
Leaf Area Index (LAI) products are not used in SMOS-IC over heterogeneous pixels including
forests (Al-Yaari et al., 2019b). This minimal use of auxiliary data makes SMOS-IC well-suited
and robust for a wide range of applications in the field of hydrology and large scale vegetation

monitoring.

2) SMOS-IC is much simpler than the SMOS-L2 and SMOS-L3 algorithms. For instance,
SMOS-IC does not attempt to characterize the effects of antenna patterns varying with view
angle and azimuth. It also considers pixels as homogeneous to reduce the use of auxiliary

datasets characterizing the pixel heterogeneity (Ebrahimi-Khusfi et al., 2018; Fernandez-Moran

et al., 2017a).

3) Model parameters used to represent effects of soil roughness (Lawrence et al., 2013) and
vegetation have been recently optimized (Fernandez-Moran et al., 2017b). The so-called Hr

roughness parameter was estimated from the global roughness map of Parrens et al. (2016).

The SMOS-IC SM product is currently available online via CATDS in the Network
Common Data Form (NetCDF) format for both orbits on a global EASE-Grid 2.0, with a

sampling resolution of 25 km.

2.1.3. ECMWF data

In this study, we used the ECMWF modelled soil temperatures and SM datasets (top 0—7 cm
soil layer; referred to as SMecmwer in the following). The ECMWF product is derived from the
ERA-Interim dataset, which is based on IFS-Cy31r2 (a numerical weather prediction (NWP)
system) to solve for parameters including different layer volumetric soil moisture (Berrisford et

al., 2011). Details about this ERA-Interim modelling and the data assimilation system can be
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referred to (Berrisford et al., 2011; Dee et al., 2011). ECMWF modelled soil temperatures were
used to calculate effective soil temperatures 75 for the SMOS-IC algorithm based on the
formulation of Wigneron et al. (2001). The SMOS-IC SM retrievals were compared to SMecMwr
at global scale. The ECMWEF dataset was resampled using the SMOS-L3 pre-processor to be in
the same format (i.e., EASE-Grid 2.0). SMecmwr has been shown to represent well the SM

variability at global scale (Albergel et al., 2012; Fernandez-Moran et al., 2017a).

2.1.4. ISMN ground-based measurements

SMOS-IC SM retrievals were also evaluated at local scale against in-situ SM data (referred
to as SMin-siwu in the following) obtained from the ISMN data set (Dorigo et al., 2011). ISMN is an
international initiative of GEWEX (Global Energy and Water Cycle Experiment) and ESA,
aiming at establishing and maintaining a global in-situ soil moisture database (Dorigo et al.,
2013). This database aims at promoting scientific studies on the validation and improvement of
global satellite observations and land surface modeling. The ISMN database hosts currently SM
data from about ~60 networks (products are available at https://ismn.geo.tuwien.ac.at/). In this
study, only in-situ ISMN networks with sufficiently long time series of SM data covering the
period 2011 - 2017 were used. Only SM observations of the top 0~5 cm soil layer with a flag set
to “Good” were used (Al-Yaari et al., 2019b; Dorigo et al., 2013). Consequently, 748 sites from
27 networks (Table 1) over the USA, Canada, Australia, and Europe were used. Fig. 1 presents
the spatial distribution of the in-situ sites with the International Geosphere-Biosphere Programme

(IGBP) land cover classification shown in the background.

Table 1 In situ Networks from ISMN. The type of the land cover is determined by IGBP. Note
that a total of 27 networks was used; here we only list the networks with more than 5 available
sites, and more data can be viewed in Table S1 in the supplementary materials.

Number of
Network name Country Land cover type References

available




sites

AMMA-CATCH

ARM
FMI

HOBE

OZNET

PBO-H20

REMEDHUS

RISMA

RSMN

SCAN

SMOSMANIA

SNOTEL

SOILSCAPE

USCRN

Benin, Niger,
Mali
USA

Finland
Denmark
Australia
USA
Spain
Canada

Romania

USA

France

USA

USA

USA

16

28

54

21

19

15

147

20

172

117

88

savannas, cropland/natural vegetation mosaic

grasslands, croplands

woody savannas
croplands

grasslands, croplands
grasslands, open shrublands, croplands, barren or
sparsely vegetated

croplands

croplands, cropland/natural vegetation mosaic

croplands, cropland/natural vegetation mosaic

cropland/natural vegetation mosaic, barren or
sparsely vegetated, croplands, deciduous
broadleaf forest, evergreen needleleaf forest,
grasslands, mixed forest, woody savannas, open
shrublands

croplands, evergreen needleleaf forest, woody
savannas, mixed forest, cropland/natural

vegetation mosaic

croplands, evergreen needleleaf forest,

grasslands, woody savannas, open shrublands

grasslands, open shrublands, savannas, woody
savannas

cropland/natural vegetation mosaic, barren or
sparsely vegetated, croplands, deciduous
broadleaf forest, evergreen needleleaf forest,
grasslands, mixed forest, woody savannas, open
shrublands

Lebel et al. (2009)

https://www.arm.gov/
Rautiainen et al. (2012)

http://www.hobe.dk/index.php/soil-
moisture-network

Smith et al. (2012)
Larson et al. (2008)

Sanchez et al. (2012)

http://agriculture.canada.ca/SoilMo
nitoringStations

http://assimo.meteoromania.ro/

Schaefer et al. (2007)

Albergel et al. (2008),Calvet et al.
(2007)

Serreze et al. (2001)

Moghaddam et al. (2010)

Bell et al. (2013)

10
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Fig. 1. Spatial distribution of the different in-situ sites (pink circles). The IGBP land cover
classification is represented in the background.

2.1.5. Additional datasets

Several additional datasets shown in Table 2 were used to interpret the results, including the
IGBP land cover classification scheme, MODIS LAI, MODIS NDVI and above-ground biomass
(AGB) map. Earlier studies (e.g., Al-Yaari et al., 2019b; Al-Yaari et al., 2014a; Al-Yaari et al.,
2014b) have shown that the performance of the remotely-sensed SM retrievals may vary as a
function of vegetation density and land cover type. Here, we used the IGBP land cover
classification scheme and LAI data (see Fig.2) to account for the different land cover types and
vegetation conditions when comparing the SM retrievals. The NDVI and AGB data were

intercompared with the SMOS-IC VOD retrievals for both Tau-Omega and 2S configurations at

11
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global scale. All the additional datasets were rescaled to the SMOS-L3 TB resolution, to ensure

that all data have the same spatial resolution of 25 km.

Table 2 Additional datasets.

Additional datasets Spatial resolution Temporal series References

IGBP land cover type 500 m 2001 - 2010 Broxton et al. (2014); Fernandez-Moran et al. (2017a)
MODIS LAI (MOD15A2) 0.1 degree 2011 - 2016 https://neo.sci.gsfc.nasa.gov/

MODIS NDVI (MOD13A2) 1 km 2011 -2017 https://neo.sci.gsfc.nasa.gov/

AGB map 1 km 2015 Saatchi et al. (2011)
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Fig. 2. Global LAI map obtained from MODIS using the maximum value composite (MVC)
method (Holben, 1986) during 2011 — 2016.

2.2. Methods

2.2.1 Tau-Omega and Two-stream emission models

Two different microwave emission models (Tau-Omega and 2S) were implemented in the
SMOS-ICgum (with EM = TO or EM = 2S) retrieval algorithms to achieve respective 2-Parameter
retrievals (SMem, VODEgw) of Soil Moisture (SM) and Vegetation Optical Depth (VOD). Note that
in this study both "VOD" and "t" terms are equivalent; the term “T” being used most often in

radiative transfer equations. The 0™-order Tau-Omega model (TO) (Mo et al., 1982) is used in the
12
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operational SMOS and SMAP retrievals over land surfaces, and it is implemented in the current
version V105 of SMOS-IC (Fernandez-Moran et al., 2017a). The 1%-order Two-Stream model
(2S) was originally developed as part of the “Microwave Emission Model of Layered Snowpacks”
(MEMLS) (Mitzler, 1998; Wiesmann and Mitzler, 1999). The common points to both Tau-
Omega and the 2S version used here are i) the parameterization of the soil by means of an infinite
homogeneous layer with a rough surface, and ii) the parameterization of the above vegetation by
means of a single homogeneous “soft-layer”.

Detailed equations of the Tau-Omega and 2S models and of the SMOS-IC algorithm based
on these two emission models are given, respectively, in the Supplementary text and in the
Appendix. Note that to ensure that (SM2s, VOD:s) retrievals achieved with SMOS-ICzs were
comparable to (SMto, VODro) retrievals achieved with the “traditional” algorithm SMOS-ICro,
all input datasets and default parameters were consistent with the original SMOS-ICto (V105)

(Fernandez-Moran et al., 2017a).
2.2.2 Metrics used for evaluating SMOS-1Cgy retrievals

Retrievals of (SM, VOD) from both SMOS-ICto and SMOS-IC2s were evaluated against
reference datasets, and then, the resulting statistical parameters were inter-compared. Specifically,
retrieved SM values were compared to simulated SM (SMecmwr) and in-situ SM measurements
(SMinsiw) and retrieved VOD values were compared to NDVI and AGB. For consistency and
significance purposes, the following criteria were applied. Comparisons were performed: i) over
a long period (i.e., 2011 — 2017) and using SMOS observations acquired during the ascending
orbits (very similar results would be obtained for descending orbits (Al-Yaari et al., 2014b)); ii)

strictly using the same number of pixels and the same number of data (and thus of dates) over

13
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each pixel for the SMOS-ICto and SMOS-IC;s retrievals; iii) applying same data filtering for the

SMOS-ICto and SMOS-ICys retrievals, 1.e., all retrievals values were filtered out for:

-SM data outside the range 0-0.6 m*/m? (Dorigo et al., 2013);

-VOD data outside the range 0 — 2 (Fernandez-Moran et al., 2017a);

,0; ,0 i . .
-Root Mean Square Error (RMSE) between T]: m’es and T; 51(/1 exceeding 8 K, to filter out

retrievals most impacted by RFI (Radio Frequency Interferences) (Al-Yaari et al., 2019b;
Wigneron et al., 2018).

The evaluation of retrieved VOD was based on the spatial and temporal Pearson correlation
coefficient (R) with ancillary vegetation indices. The evaluation of retrieved SM was based on
four metrics which are widely used in the soil moisture community (e.g., Al-Yaari et al., 2019b;
Fan et al., 2019a). These metrics include R, Root Mean Square Difference (RMSD; m?*/m?), Bias
(m?/m?), and the unbiased RMSD (ubRMSD; m3/m?) (Al-Yaari et al., 2019b; Entekhabi et al.,
2010). It should be noted that R and ubRMSD were considered as primary quality criteria in
comparison to Bias and RMSD, as SMecmwr and SMin-siw do not represent the soil moisture value
as "observed" by the SMOS measurements, considering the different "sampling" depths of the
simulated, retrieved and in-situ SM data. The mentioned metrics were computed as described in
(Al-Yaari et al., 2019b). It should be noted that when comparing retrieved SM with SMinsiw, the
time series of satellite-based retrievals of SM were extracted from the original grid (i.e., 25 km)
covering each site (based on latitude and longitude of the site) to obtain values corresponding to
the field measurements and only the SMinsiw data matching with the instantaneous overpass of the

SMOS observations within a time window of 1 hour were selected.

The metrics between the SMOS based retrievals of (SM, VOD) and the reference data were

computed separately for each pixel/station. Each pixel/station with low quality data was
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discarded from the analyses. Each pixel/station, for instance, with a number of data pairs (after
filtering or quality control, e.g., only in-situ SM flagged as “Good” were considered) lower than
one month (~31) were filtered out (Al-Yaari et al., 2019b; Kolassa et al., 2018) and only
significant correlations (p-values < 0.05) were considered. As done by Al-Yaari et al. (2019b),
we accounted only for SM retrievals where (p-value < 0.05) and (R > 0.4) when comparing to in
situ data sets (this condition only applies to the local scale evaluation of retrieved SM). Finally,
the median of four metrics for all pixels/stations pertaining to an IGBP land cover type or a LAI
category was calculated. As correlation coefficients (R) cannot be simply averaged, we computed
the median of R. In our analysis, in addition to the median skill metrics, we considered the spatial

standard deviation.

3. Results

Several assessments undertaken to evaluate possible differences between SM and VOD
retrievals obtained from the SMOS-ICto and SMOS-ICss algorithms are presented in this section.
To this end, we inter-compared the ability of retrieved SM to capture the temporal dynamics of
the reference SM (i.e., either SMecmwr or SMinsi) at both global and local scales. As there is no
consensus on the reference VOD values to use at large scale (Fan et al., 2018; Fernandez-Moran

et al., 2017a), retrieved VOD was compared to NDVI and AGB.

3.1. Retrieval evaluation at global scale

3.1.1 Soil Moisture

Global maps of the statistical parameters (i.e., R, ubRMSD, Bias, and RMSD) of the direct
comparison of SMecmwr with SMas or with SMto over 2011 — 2017 are shown in Fig.3. Overall,

when comparing to ECWMF model outputs, the spatial patterns of SMas and SMo retrievals are
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very similar. According to correlation (R) results, both SM>s and SMrto have the same ability to
capture the seasonal variations of SMecmwr. Both showed lowest R values over forested areas and
both SM»s and SMto yielded negative correlations with SMecmwr over some specific forest
regions such as the Congo and Amazon basins and Northern Russia. The median correlations
computed at global scale between the retrieved products (SMro or SM>s) and SMecmwr were very

similar (R = 0.63).

Similarly, no substantial difference was found in the spatial patterns of RMSD and ubRMSD
for SM>s and SMro. Specifically, over the boreal forests in Eurasia (for RMSD) and the inter-
tropical regions of Africa and America (for ubRMSD), both SM>s and SMrto exhibited lower
values. Similarly, for both retrieved SM products, there were no significant differences in the
spatial patterns of Bias. Both SM>s and SMrto were found to be generally much drier than
SMecmwr, except for northern Europe, northern Canada and some semi-arid areas (Sahara in
northern Africa, and desert areas in central Asia and Australia). The general negative bias can
partly result from the discrepancies between the sampling depths of the SMOS SM data (~0-3 cm
top soil layer) and the top soil layer of the modelled ECMWF SM data (0-7 cm top soil layer)
(Fernandez-Moran et al., 2017a). So, the different soil moisture Bias patterns shown in Fig.3

should be interpreted with caution.
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Fig. 3. Statistics at pixel-scale during 2011 — 2017 calculated between SMecmwr and SMto
(Right); and SM>s (Left): (a, b) correlation coefficient (R); (c, d) unbiased Root Mean Square
Difference (ubRMSD, m3/m?); (e, f) Bias (m*/m?); (g, h) Root Mean Square Difference (RMSD,
m3/m?).

The spatial differences between SM2s and SMto in terms of Bias and ubRMSD are shown in
Fig. S1 in the supplementary materials. It can be seen that SMas is generally drier than SMto
except over the Congo Basin, Sahara in northern Africa, and desert areas in central Asia and

Australia. However, ubRMSD for SM>s is smaller than that for SMto in most of the world (except
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in semi-arid regions of Namibia and Botswana in southern Africa and over humid areas in the
Amazon basin). As mentioned in Section 2.2.2, correlation and ubRMSD were considered as
primary quality criteria in this study. Thus, Fig.4 is focused on the spatial distribution of pixels
with the highest correlation coefficients (R) and lowest ubRMSD values obtained when
comparing SMecmwr either with SMas (red) or SMto (blue) over 2011 — 2017. The pixels for
which |SM,g — SMrq| is lower than 0.02 in terms of correlation and less than 0.005 m*/m? in
terms of ubRMSD are indicated by a pink color (Fernandez-Moran et al., 2017a). We found that
the red color is mainly distributed in the high latitudes of the northern regions, meaning that SM>s
is generally closer to SMecmwr in regard to the time dynamics. In some regions of the tropics
(mostly in the Amazon Basin and tropical Asia), SMo is performing better (blue areas) in terms
of R values. However, in these areas, the difference in the values of ubRMSD was generally
extremely small (<0.005 m3/m?3, indicated by the pink color). The global maps of the temporal
mean SM values for the three SM datasets are shown in Fig. S2 (in the supplementary materials).
The spatial patterns of SM retrieved using Tau-Omega and 2S have a high similarity and both of

them are in good agreement with those of SMecmwr (Fig. S2a and Fig. S2b).
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Fig. 4. Comparison of SM>s and SMto with respect to SMecmwr showing: (a) where SMro (blue)
or SM>s (red) provides the best correlation coefficient (R) or where the difference in R < 0.02
(pink); and (b) where SMto (blue) or SM>s (red) leads to the lowest value of ubRMSD or their
difference in terms of ubRMSD < 0.005 m?*/m? (pink). Only pixels with significant correlation (p
<0.05) are presented and temporal series of data pairs >30.

3.1.2 Assessment based on different vegetation conditions

This section aims to evaluate and inter-compare the SMto and SMs retrievals for different
vegetation conditions. Fig. 5 presents the median of the statistics (i.e., R and ubRMSD) computed
between both retrieved SM products and SMecmwr, for MODIS-based LAI values ranging from 0
to 7 m*m? with an interval of 1 m*m?. It can be noted that there is a decrease in correlation (R)
and increase in ubRMSD for both SM>s and SMrto with increasing vegetation density. Overall,

there was little difference between the metrics computed for SM>s and SMto for the different LAI
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358 classes. In terms of correlation (R), similar performances were obtained for SM>s and SMro for
359 the categories 0-1, 1-2 and 2-3, but a slightly better performance was obtained with SMto for LAI
360 classes going from 3-4 to 5-7. In terms of ubRMSD, SM>s was slightly more performant than

361  SMro for all LAI categories.
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363  Fig. 5. Median metrics (R and ubhRMSD, m?/m?) of all pixels stratified by LAI for SM>s and
364 SMrto compared to SMecmwr. Error bars are represented by the standard deviation (SD)
365 (median+SD) over each station.

366 Fig.6 shows the same median metrics (R and ubRMSD) for SM>s and SMro, for all pixels
367  stratified with the IGBP land cover type. According to correlation, it can be noted that the R
368  values obtained with both retrieved SM products over non forest categories (except for
369  “Deciduous broadleaf forests”) are higher than the correlation (R) values over most of forest
370  categories (“Evergreen broadleaf forests”, “Evergreen needleleaf forests”, “Deciduous needleleaf
371  forests”, and “Mixed forests”). The performance of SM>s and SMrto is very similar, except over
372 “Deciduous needleleaf forests” where SMas is slightly more performant than SMto. In terms of
373  ubRMSD, both SM>s and SMto have relatively low values over the “Barren or sparsely vegetated”
374 and “Shrublands” categories compared to the other land surface types. Except for “Evergreen
375  broadleaf forests” and “Savannas” (for which results are almost similar), the ubRMSD obtained

376  with SM>s is lower than that obtained for SMto for all land cover types, with results over the land

20



377 types “Evergreen needleleaf forests”, “Deciduous needleleaf forests”, “Deciduous broadleaf

378  forests”, “Mixed forests” and “Woody savannas” being the most obvious.
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380  Fig. 6. Median metrics (R and ubRMSD, m?*/m?) of all pixels stratified by IGBP land cover type
381 for SM>s and SMrto compared to SMecmwr. With, ENF (Evergreen needleleaf forests), EBF
382  (Evergreen broadleaf forests), DNF (Deciduous needleleaf forests), DBF (Deciduous broadleaf
383 forests), MF (Mixed forests), SH (Shrublands), WS (Woody savannas), S (Savannas), G
384  (Grasslands), C (Croplands), CNVM (Cropland/natural vegetation mosaics), BSV (Barren or
385  sparsely vegetated).
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3.1.3 Vegetation Optical Depth

We found that, generally, the temporal mean of VOD»s and VODro retrievals have similar
spatial distribution patterns (Fig. S3). For both VOD retrievals, the highest VOD values were
found over the tropical (e.g., over the Congo and Amazon basins) and boreal forests, and the
minimum VOD values over dry areas, such as midwestern America, Sahara in northern Africa,
and the desertic areas in central Asia and Australia (Fig. S3). It can be noted that the VODro
values are generally higher than those of VODas, especially over areas covered by dense
vegetation.

Fig. 7 shows the pixel-based statistics (R and Bias) derived from the direct comparison
between the two VODto and VOD:s retrieved products for 2011 — 2017. In terms of correlation,
VODro and VODss have similar (R > 0.95) seasonal variations at the global scale, except over
tropical forests. In Fig. 7b, it can be noted that the largest differences between VODto and VOD2s
are found in regions covered by dense vegetation (e.g., Amazon & Congo basins, etc.), where
VOD:>s is found to be smaller. In these regions, the ubRMSD between VOD1o and VOD:>s is also
higher, contrary to barren or desert regions as in the central Asia and Australia, or in Sahara,

where the ubRMSD values are close to zero as shown in Fig. S4.
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Fig. 7. Statistics at pixel scale during 2011 — 2017 computed between VODto and VODys (a)
correlation coefficient; (b) Bias (VODrto minus VOD»s).

Global maps of the correlation (R) for the relationship between MODIS NDVI and 16-day
average values of VODys and VODr1o over 2011 — 2017 are shown in Fig.8. Overall, when
comparing to NDVI, the spatial patterns of VOD»s and VODro retrievals are very similar. Both
VODs>s and VODto showed highest R values over western Canada, Mexico, Sahel, southern
Africa, eastern Russia and Australia, while the lowest ones were generally found over western
America, eastern Europe and the border between Kazakhstan and Russia. Over most tropical
areas (e.g., Amazon and Congo basins), the R values between both retrieved products (VODro or
VOD»s) and NDVI were found to be not significant (p > 0.05). Moreover, as shown in Fig.3a,
both SM>s and SMto yielded negative correlations with SMecmwr over densely-forested regions

in the Amazon and Congo basins. To better understand this result, we selected two sites ((15.18°
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S, 62.12° W, Amazon site) in the Amazon basin and (2.45° N, 27.10° E, Congo site) in the

Congo basin) corresponding to these areas to analyze and inter-compare the temporal series of
NDVI and the 16-day average values of SM and VOD (Fig.S5, Table S2). SM (from all products),
as shown in Fig.S5, exhibited a clear seasonal cycle, and retrieved SM (from both TO and 2S
products) and ECMWF SM showed opposite interannual variations over both sites. As for SM, a
clear seasonal cycle in VODro can be noted over the Amazon site, but the seasonal cycle of VOD
is generally less clear, especially at the Congo site, while NDVI showed no clear seasonal
variations over both the Congo and Amazon sites. The retrieved values of VODss and VODro are
different over both sites and both in terms of magnitude and seasonal variations, especially at the
Amazon site, which is consistent with the results obtained in Fig.7. The correlation values
between SM (from all products) and NDVI and that between VOD (from both TO and 2S
products) and NDVI have a very low level of significance (p > 0.1). It is likely that this can be
explained by the saturation of the NDVI values over dense vegetation, as can be clearly noted in
Fig. S6. We also noted that the R values between VOD and SM (for both TO and 2S products)
are generally positive and significant. This could be explained by the fact the temporal dynamics
of vegetation as parameterized by VOD correspond well to the temporal dynamics of

precipitation events and of the associated changes in the soil moisture values.
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Fig. 8. Pixel-based correlation (R) for the relationship between 16-day average values of VOD

and MODIS NDVTI: (a) VOD»s and (b) VODro. Grey areas correspond to pixels where correlation
is not significant as defined by a p-value > 0.05. White areas indicate “no valid data”.

Fig.9 shows the spatial distribution of pixels where VOD>s (red) or VODto (blue) correlates
better to MODIS NDVI during 2011-2017, (as done in Fig. 4 for SM values). Generally, the
temporal correlation (R) values of VOD,s were higher than those of VODto over most of the
tropical area (e.g., southern of Mexico, the marginal region of the Congo Basin), southern
Australia and the northern parts of Russia and southern Europe. Conversely, in some other areas
(for instance in eastern America and central Russia), a higher R value was associated with

VODro.
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Fig. 9. Same as Fig. 4a, except that we show here the difference in correlation between 16-day
average values of VOD»s and VODto with MODIS NDVI. Grey areas correspond to pixels where
correlation is not significant as defined by a p-value > 0.05. White areas indicate “no valid data”.

The density scatter plots between the temporal mean of retrieved VOD and AGB from
Saatchi et al. (2011) are shown in Fig. 10. Generally, the spatial correlation obtained between the
two retrieved VOD and AGB are very similar (R = 0.87 for both VOD»s and VODro). However,
the density of higher VOD values (>1) retrieved from SMOS-IC»s is lower than that retrieved
from SMOS-ICro at global scale. In addition, the spatial R values computed at global scale
between VOD»s or VODto with NDVI are also very similar (R = 0.66 for both VOD-s and VODro)
(Fig. S6). Similarly to what was done by Rodriguez-Fernandez et al. (2018) and Liu et al. (2015),
we calibrated a relationship between VOD and NDVI (Fig. S6). Even though VOD and NDVI are
sensitive to different features of the vegetation structure, it is interesting to note that the
relationship between VOD»s and NDVI has a slightly higher correlation value (difference in R ~
0.02) than that between VODto and NDVI. We also found that NDVI saturates even for moderate
VOD values (VOD ~ 0.5), consistently with previous studies (Rodriguez-Fernandez et al., 2018;

Lawrence et al., 2014)( Fig. S6).
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Fig. 10. Density scatter plots showing the relationship between temporal mean of retrieved
VOD:s (a) and VODro (b) with above-ground biomass AGB values computed from Saatchi et al.
(2011) at global scale.

3.2. Evaluation of soil moisture at local scale

To complete the global evaluation of retrieved SM done in Section 3.1, the performance of
SM>s and SMto was evaluated against SMinsiw at 748 in-situ sites over 2011 — 2017, namely the
same period as that used for the global evaluation of the previous section.

Statistical results of the comparison between SMinsi and both SMas and SMro are presented
in Table 3. In the latter table, the median values of all metrics are given for each measurement
network. From the table, we can see that the highest correlation values (R) for both SM>s and
SMro were obtained for FLUXNET-AMERIFLUX, while the lowest ones were found over the
FMI network. For the other sites (except SWEX-POLAND, ORACLE, FR-Aqui, and UDC-
SMOS), both SM>s and SMto present similar results in terms of correlations. In good agreement
with results of the previous sections, in terms of ubRMSD, same or lower values of ubRMSD
were generally obtained with SMas (except for a few sites as SNOTEL, SWEX-POLAND, iRON)).
However, the difference in ubRMSD between SM>s and SMto was generally low, and the

maximum difference (0.005 m3/m?) was found for the MySMNet network.
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In terms of median values computed over all sites ("All" item in last lines of Table 3), the

metrics obtained between both products were almost the same (median ubRMSD of 0.061 m*/m

3

for SMas and 0.062 m*/m? for SMro; median correlation of 0.67 for both SM»s and SMro). SMas

and SMto had biases (remotely sensed retrievals minus in-situ data) with the same sign (either

positive or negative) over all networks except over the MySMNet sites, where SM»s was slightly

drier than SMinsiw, While SMto was much wetter than SMinsiw. Generally, SM>s was drier than

SMrto (median Bias of -0.061 m3/m? for SM»s and -0.048 m3/m? for SMro).

Table 3 Statistical comparison between SM>s and SMto against SMin-si for 2011 —2017. All the
correlation coefficients are significant considering the criteria p < 0.05.

ubRMSD  Bias RMSD ubRMSD  Bias RMSD
Network EM R Network EM R
(m*/m?) (m*m?)  (m*m?) (m*/m?) m*m?)  (m*m?)

28 0.81  0.042 0.008 0.043 28 0.50  0.096 -0.049 0.108
AMMA-CATCH CTP-SMTMN

TO 0.82  0.042 0.007 0.043 TO 049  0.097 -0.041 0.105

28 0.76  0.057 0.137 0.150 28 0.81  0.019 -0.020 0.028
ARM DAHRA

TO 0.76  0.057 0.128 0.142 TO 0.83  0.019 -0.021 0.029
EMI 28 043  0.062 0.082 0.112 SWEX- 28 071  0.094 -0.237 0.255

TO 043 0.065 0.111 0.134 POLAND TO 0.74  0.090 -0.220 0.238

28 0.66  0.053 0.072 0.087 28 0.66  0.055 -0.208 0215
HOBE TERENO

TO 0.65  0.056 -0.055 0.076 TO 0.64  0.057 -0.189 0.197
OZNET 28 0.81 0053 0.014 0.068 FLUXNET- 28 0.89  0.051 0.043 0.070

TO 081 0054 0.026 0.072 AMERIFLUX TO 090  0.052 0.027 0.065

28 071  0.052 -0.066 0.082 HYDROL-NET- 28 0.61  0.080 0.114 0.139
PBO-H20

TO 071 0052 -0.057 0.078 PERUGIA TO 0.61  0.083 -0.089 0.121

28 0.67 0054 -0.035 0.075 28 0.68  0.069 0.116 0.135
REMEDHUS ORACLE

TO 0.67  0.056 -0.033 0.075 TO 0.65  0.073 0.128 0.147

28 0.68  0.062 -0.074 0.098 28 0.82  0.047 -0.063 0.080
RISMA VAS

TO 0.68  0.063 -0.060 0.087 TO 0.82  0.050 -0.049 0.073

28 0.62  0.068 0.001 0.075 ) 28 0.60  0.054 -0.072 0.086
RSMN FR-Aqui

TO 0.62  0.070 0.018 0.080 TO 058  0.058 -0.055 0.075

28 0.68  0.060 0.054 0.096 28 052  0.066 0.198 0219
SCAN iRON

TO 0.68  0.061 -0.041 0.086 TO 053 0.065 0.178 0.200

28 072 0054 0.123 0.135 28 050  0.074 -0.297 0306
SMOSMANIA BIEBRZA-S-1

TO 071  0.056 -0.104 0.119 TO 050  0.074 -0.279 0.289

28 056  0.079 0.084 0.123 28 049  0.072 -0.003 0.072
SNOTEL MySMNet

TO 056  0.078 -0.070 0.115 TO 048  0.077 0.022 0.082

28 079  0.057 -0.033 0.075 28 058  0.055 -0.209 0213
SOILSCAPE UDC-SMOS

TO 0.80  0.058 -0.019 0.076 TO 0.60  0.055 -0.190 0.195
USCRN 28 071 0055 0.063 0.100 All 28 0.67  0.061 -0.061 0.097
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TO 0.70 0.056 -0.051 0.096 TO 0.67 0.062 -0.048 0.092

As in Section 3.1.2, in this section we also evaluated the performance (mainly based on R
and ubRMSD) of SM»s and SMo based either on LAI values ranging from 0 to 7 m*/m? or IGBP
land cover types and the results are reported in Fig. 11 & 12. Fig.11 shows the median value of R
and ubRMSD computed between both retrieved SM products and SMin-siw, Stratified based on
MODIS LALI categories. It can be seen that, as already observed in Fig. 5, there is a decrease in
correlation (R) and increase in ubRMSD for both SM>s and SMto with increasing vegetation
density when compared to SMin-siw. In terms of R, SMas performs better than SMto in category 2-
3, and vice versa in category 5-7. SM»s and SMto have a similar performance over the categories
0-1, 1-2, 3-4 and 4-5. When focusing on ubRMSD (Fig. 11b), SMas performs slightly better or
similarly as SMto over the LAI categories ranging from 0-1 to 5-7. However, unlike the results

presented in Fig. 5, the difference between SM>s and SMto is most pronounced for category 5-7.

(a)1 T T w T (b)0.15

R R
08| [ JsMy | | [1SMro
s 0.1
0.6 o;-E-
E
o [
%]
04t =
$ 005
0.2
0 0
0-1 1-2  2-3 34 45 5-7 0-1 1-2 23 34 45 57
LAl classes LAl classes

Fig. 11. Median metrics (R and ubRMSD, m?*/m?) of all sites stratified by LAI for SM>s and
SMto compared to SMin-sin. Number of stations (n) per category: 0-1 (n = 203 stations), 1-2 (n =
282 stations), 2-3 (n = 173 stations), 3-4 (n = 58 stations), 4-5 (n = 26 stations), 5-7 (n = 6
stations).

Another insight on the effect of vegetation on the accuracy of the retrieved SM products with

respect to SMinsin are shown in Fig. 12. In terms of R, both SM>s and SMto have the lowest
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variability in their performances amongst all stations, as evaluated by standard deviation, over the
“Barren or sparsely vegetated” categories. As already observed in Fig. 6, the performance of
SM>s and SMro is almost the same, except over “Croplands”, “Barren or sparsely vegetated” and
“Grasslands”. More generally, it can be noted that the R values obtained with SM>s are higher or
similar to those of SMro for all land cover categories (except “Grasslands”), with best results
over the land covers “Evergreen broadleaf forests”, “Croplands” and "Barren or sparsely
vegetated". In terms of ubRMSD, both SM>s and SMrto have relatively small values over the
“Barren or sparsely vegetated” and “Shrublands” categories compared to the other land surface
types, and this is also consistent with the results of Fig. 6. It can be noted that the ubRMSD
obtained with SMas is lower or equal to that of SMto for all land cover categories, with best
results over the land covers “Evergreen broadleaf forests”, “Shrublands”, “Woody savannas™ and

“Croplands”.
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Fig.12. Same as Fig. 6, except that SM2s and SMto are compared to SMinsi. Number of stations
per category: ENF (n = 49 station), EBF (n = 4 station), DBF (n = 9 station), MF (n = 13 station),
SH (n = 53 stations), WS (n = 37 stations), S (n = 84 stations), G (n = 284 stations), C (n = 152
stations), CNVM (n = 57 stations), BSV (n = 6 stations).

4. Discussion

The evaluation results of this study generally show that the performance of the two SMOS-
ICto and SMOS-ICss retrieval algorithms are generally very similar (Figs. S2, 3, 4 & Table 3),
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whether we consider the spatial patterns of the temporal mean SM values or the values of the
metrics (i.e., R, ubRMSD, Bias and RMSD). This result was obtained from the comparison of

SM>s and SMto with both modelled (SMecmwr) and in-situ (SMin-sin) data.

The fact that the performances of the two SMOS-ICto and SMOS-ICzs algorithms were
generally very similar can be considered as surprising at first sight as Tau-Omega is only a 0"-
order solution of the RT equations, while 2S is a 1%-order solution that accounts for multiple
scattering and reflection effects. However, as discussed in Wigneron et al. (2017), some studies
(e.g., Kurum, 2013; Mo et al., 1982) have shown that the analytical form of the equations of the
Tau-Omega model incorporates multiple-scattering effects up to first-order, provided the
parameters ® and T (VOD) are considered as effective parameters. So, as the values of ® and T
(VOD) are effective values in the SMOS-IC algorithm (as computed from best-fit approaches
(Fernandez-Moran et al., 2017a; Fernandez-Moran et al., 2017b)), the Tau-Omega model

equations implicitly account for multiple scattering effects up to first-order.

These considerations may allow us to explain the two main results of the study (1) the low
difference in the performances between the SMOS-ICto and SMOS-ICss algorithms (2) the
differences obtained in the values of retrieved VOD for both the Tau-Omega and 2S algorithms.
Considering the latter point, the main differences (VODzs smaller than VODro0) could be noted,
especially in dense tropical forests of the Amazon and Congo basins, and to a smaller extent, in

the boreal regions.

We can explain Point (1) by the fact that the Tau-Omega model equations are valid to first-
order, as discussed above. Moreover, we should not forget that radiative transfer modelling (even
considering first-order or multiple-order scattering effects) is still an approximation as it

corresponds to incoherent modelling, where only the intensity of the radiations is accounted for
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(in contrast to coherent approaches, accounting for both the amplitude and phase of the
microwave radiations, which are more precise but more complex). This latter point may also
provide a partial explanation to the low difference in performance found between the Tau-Omega

and 28 retrievals.

Point (2) can be explained by the fact that, as discussed above, the retrieved value of VOD
using Tau-Omega is effective, and may not be directly comparable with the retrieved value using
2S. The latter value can be considered as more "accurate" and less "effective"”, as 2S does not
make several simplifications considered Tau-Omega. It is interesting to note that the largest
differences between VOD>s and VODro were obtained in dense forests (i.e. for high VOD values)
where multiple scattering effects are expected to be most prominent (and where the validity of the

Tau-Omega modelling is the most critical).

Contrary to SM, evaluating the accuracy of the retrieved VOD values at the global scale is
difficult as there is no consensus on the reference values to use at large spatial scales from models
or in-situ data. We used here two main vegetation parameters: MODIS NDVI and above-ground
biomass (AGB) to evaluate the VOD2s and VODro retrievals. The evaluation was based on a
correlation analysis, in temporal terms for NDVI and spatial terms for biomass. Over low
vegetation types, it has often been considered that VOD and NDVI (and LAI) are strongly
correlated in terms of seasonal dynamics (Wigneron et al., 2017 for a review). Over woody
vegetation, it has often been considered that the yearly values of VOD and vegetation biomass
are strongly correlated (Brandt et al., 2018; Wigneron et al., 2017 for a review). So, even though
the two parameters (NDVI and biomass) we used in the present study are not "reference" data,

they are relatively complementary to evaluate the VOD retrievals as (i) NDVI could be
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considered as more pertinent for low vegetation canopies and (ii) yearly average biomass could

be considered as more pertinent for woody vegetation types.

5. Conclusion

We evaluated in this study the performances of two emission models (Tau-Omega and 2S) in
the SMOS-IC algorithm. We inter-compared the SM retrievals from SMOS-IC against the
ECMWF modelled SM (SMecmwr) and the ISMN ground-based measurements (SMin-si) for
different vegetation conditions at both global and local scales, while retrieved VOD was
evaluated against the NDVI and AGB vegetation features. The inter-comparison was based on
the correlation coefficient (R), RMSD, Bias and ubRMSD metrics. We present below the main

conclusions that can be drawn from the results:

(i) both SM>s and SMto products are generally found to be drier than SMecmwr and SMinsitw,
while SM>s is found to be drier than SMto by ~ 0.015 m*/m? in average at global scale.
However, the different sampling layers considered for SMecmwr, SMinsiw and for the SMOS
SM retrievals, makes it difficult to accurately evaluate the performance of the retrieved SM

data in terms of Bias (Fernandez-Moran et al., 2017a).

(i1) both SM>s and SMto have a similar ability to capture the seasonal variations in SMecmwr and
SMinsiw. Specifically, the median R values computed at global scale between both retrieved
SM products (SMa2s or SMto) with SMecmwe are very close (R = 0.63 for both retrieved SM
products); idem for the median correlation between SM>s and SMto with SMin.siw computed

over all ISMN sites (R = 0.67 for both retrieved SM products).

34



592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

(iii) the ubRMSD obtained with SM>s is always lower or similar (for “Evergreen broadleaf forest”
and “Savannas” in Fig. 6) than that obtained with SMto over all IGBP land cover types

when compared to the reference SM.

(iv) retrieved VOD»s and VODro have similar (R > 0.95) seasonal variations at global scale
except for tropical forests, and a large Bias (> 0.1) between VOD»s and VODro was found

over the tropical forest (VOD:s is smaller than VODro).

(v) the temporal correlation (R) values obtained by comparing VOD:s and NDVI are generally
higher than those obtained by comparing VODto and NDVI over most tropical areas,
southern Australia, some northern parts of Russia and southern Europe. The spatial
correlation (R) values between retrieved VOD»s or VODro and the reference datasets

(NDVI: R =0.66; AGB: R = 0.87 for both retrieved VOD products) are very similar.

As summarized above, retrieved products (SM or VOD) achieved with the Tau-Omega and
2S models are generally very close in terms of temporal or spatial correlations. It is one of the
first times that a study show that at global scale, and as predicted by Kurum (2013), there is a low
difference between retrieval results obtained from the inversion of the Tau-Omega (0™-order
solution of the RT equations) or 2S (1%-order solution of the RT equations) models. However,
and this is a key point mentioned in the introduction, as 2S is more "physical" than Tau-Omega
and thus allows using a unified emission model for different applications (e.g., surface soil
moisture, vegetation optical depth, soil permittivity or snow status) (Derek et al, submitted;
Schwank et al., 2018; Wigneron et al., 2017), 2S appears to be a very interesting option for future
versions of SMOS-IC. The results obtained here with SMOS observations should also be
applicable to other microwave sensors in space, such as the NASA SMAP mission even though
no tests were made here with SMAP observations. It should be noted that even though the
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performances of both TO and 2S are comparable, we highlighted that the retrieved values of
VOD and SM from both models are not quite similar. For instance, VOD values retrieved from
the two models vary a lot over dense vegetation areas, both in terms of magnitude and seasonal
variations (Fig. 7 and Fig. S5). As VOD is used more and more in key applications, for example
in analyzing carbon sinks and emissions (Brandt et al., 2018; Fan et al., 2019b), and in
monitoring vegetation water stress (Konings and Gentine, 2017; Tian et al., 2018) the difference
in the values of VOD»s and VODto over dense vegetation may have strong implications. For
instance, a difference in the value of VOD larger than 0.1 over the Amazon study (as revealed in
the present study), represents several billions of tons of carbons stocks. So the difference
obtained in the VOD retrievals between 2S and TO may have a huge importance when
considering applications to the monitoring of the global carbon cycle. Further analyses are
required to identify which product (VODzs or VODro) is the most accurate and appropriate for a

range of applications.

Appendix

SMOS-IC algorithm based on Tau-Omega and Two-Stream

The SMOS-ICys algorithm is very similar to the “traditional” SMOS-ICro algorithm

(corresponding to the actual V105 versions), except that 2S is used instead of Tau-Omega to
simulate brightness temperatures Tg gM. Note that the effects of the atmosphere are neglected in

this study. In the 2-Parameter retrievals of (SMem, VODgm) carried out with SMOS-ICgy, the

effective scattering albedo wg,, is considered as constant according to different land cover types
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(Table 1 in Fernandez-Moran et al. (2017a)). Both SMOS-ICto and SMOS-IC;s retrievals of SM

and VOD involve the minimization of the following Cost Function (CF):

1 p,0; p,0; 1 i
CF(SMEM,TEM) = O'TBZ E?I:l(TB'mJeS - B'EII\/[)Z + G-_PiZZP={SMEM-TEM}(P1n1 - P)Z (1)
,0;
where N is the number of observations at different nadir angles 6;, T; mjes and oTg are the

measured brightness temperatures obtained from the SMOS-L3 products with associated standard

P9

deviations, B.EM

are brightness temperatures simulated with EM = TO or EM = 2S. The second

term in CF is a regularization function including the retrieval parameters P = {SMgy,, Tgy } and

their priori estimates P'™ = {SM};’}V’,,T};}\}, .
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