
HAL Id: hal-02619460
https://hal.inrae.fr/hal-02619460v1

Submitted on 13 Sep 2024

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

HAL Authorization

Compared performances of SMOS-IC soil moisture and
vegetation optical depth retrievals based on Tau-Omega and

Two-Stream microwave emission models
Xiaojun Li, Amen Al-Yaari, Mike Schwank, Lei Fan, Frédéric Frappart, Jennifer

Swenson, Jean-Pierre Wigneron

To cite this version:
Xiaojun Li, Amen Al-Yaari, Mike Schwank, Lei Fan, Frédéric Frappart, et al.. Compared performances of
SMOS-IC soil moisture and vegetation optical depth retrievals based on Tau-Omega and Two-Stream mi-
crowave emission models. Remote Sensing of Environment, 2020, 236, pp.111502. ⟨10.1016/j.rse.2019.111502⟩.
⟨hal-02619460⟩

https://hal.inrae.fr/hal-02619460v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr


1 

Compared performances of SMOS-IC soil moisture and vegetation 1 

optical depth retrievals based on Tau-Omega and Two-Stream microwave 2 

emission models. 3 

X. Lia, A. Al-Yaaria, M. Schwankb,c, Lei Fand,a, F. Frapparte,a, J. Swensonf,a, J.-P. Wignerona* 4 

a INRA, UMR1391 ISPA, F-33140 Villenave d'Ornon, France 5 

b Swiss Federal Research Institute WSL, CH-8903 Birmensdorf, Switzerland 6 

c Gamma Remote Sensing AG, CH-3073 Gümligen, Switzerland 7 

d Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disaster, School 8 

of Geographical Sciences, Nanjing University of Information Science and Technology, Nanjing 9 

210044, China 10 

e Laboratoire d’Etudes en Géophysique et Océanographie Spatiales (LEGOS), 31400 Toulouse, 11 

France 12 

f Nicholas School of the Environment, Duke University, Durham, NC 27708, USA 13 

*Corresponding Author: J.-P. Wigneron (jean-pierre.wigneron@inra.fr) 14 

 15 

Abstract 16 

Since 2010, SMOS (Soil Moisture and Ocean Salinity) retrievals of surface soil moisture (SM) 17 

and vegetation optical depth (VOD) have been produced through the inversion of the so-called 18 

Tau-Omega (TO) vegetation emission model. Tau-Omega is a 0th-order solution of the radiative 19 

transfer equations that neglects multiple scattering, conversely to 1st-order solutions as Two-20 

Stream (2S). To date, very little is known about the compared retrieval performances of these 21 

emission models. Here, we inter-compared (SM, VOD) retrievals using the SMOS-IC algorithm 22 

running with the TO and 2S emission models. Retrieval performances obtained from TO and 2S 23 

were found to be relatively similar, except that a larger dry bias and a slightly lower SM unbiased 24 

RMSD were obtained with 2S and the VOD values of the two models vary over dense vegetation 25 

areas, both in terms of magnitude and seasonal variations. Considering this and the enhanced 26 

physical background of 2S that allows its implementation as a unified emission model for 27 

https://www.elsevier.com/open-access/userlicense/1.0/
https://www.sciencedirect.com/science/article/pii/S0034425719305218
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different applications, our study reveals the high interest of using Two-Stream in global retrieval 28 

algorithms at L-band.  29 

Key words: Microwave emission model, SMOS-IC, Tau-Omega, Two-Stream, Soil moisture, 30 

Vegetation optical depth, global retrievals, biomass, ECMWF, MODIS NDVI, ISMN 31 

1. Introduction 32 

Surface Soil Moisture (SM) is a key state variable in the climate and environment system as 33 

it strongly impacts the energy and water balance at the land-surface/atmosphere interface (Koster 34 

et al., 2004; Taylor et al., 2011). It also plays a key role for a wide range of hydrological 35 

applications (Laiolo et al., 2016; Wagner et al., 2007), agriculture applications (Roy et al., 2016), 36 

weather predictions (Tuttle and Salvucci, 2016), and carbon cycle (Jung et al., 2017). 37 

Passive L-band microwave remote sensing with frequent revisits is recognized as a 38 

promising tool for mapping the regional and global SM distribution (Entekhabi et al., 2010; Kerr 39 

et al., 2010; Jackson et al., 2010). Operational space missions using this technology include Soil 40 

Moisture and Ocean Salinity (SMOS), the first mission dedicated specifically to SM mapping, 41 

launched in 2009 by the European space agency (ESA) (Kerr et al., 2010; Kerr et al., 2001) and 42 

Soil Moisture Active Passive (SMAP), the most recent space-borne L-band mission, launched in 43 

2015 by the National Aeronautics and Space Administration (NASA) (Entekhabi et al., 2010).  44 

The operational SMOS retrieval algorithm relies on the dual-polarization and multi-angular 45 

capabilities of the SMOS synthetic aperture radiometer (Wigneron et al., 2017). SM and 46 

vegetation optical depth (VOD), a parameter characterizing vegetation extinction effects, are 47 

produced simultaneously from the inversion of the L-band Microwave Emission of the Biosphere 48 

model (L-MEB; Wigneron et al., 2000). SMOS VOD, as a potentially useful ecological indicator, 49 

has been widely used for vegetation seasonality (Tian et al., 2018), crop modelling (Chaparro et 50 
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al., 2018; Hornbuckle et al., 2016), and biomass estimation (Brandt et al., 2018; Fan et al., 2019b). 51 

In the recently developed SMOS-IC algorithm, VOD and SM are retrieved without external 52 

vegetation or hydrologic products as inputs to the L-MEB forward emission model, making the 53 

SMOS-IC product very interesting for robust applications and inter-comparison analyses (Al-54 

Yaari et al., 2019b). The current retrieval algorithm of the official SMAP SM product is based on 55 

the Single Channel Algorithm (SCA) (Jackson, 1993) that only retrieves SM, while VOD is 56 

estimated from a linear relationship with vegetation water content (VWC) (O'Neill et al., 2015). 57 

Recently, Konings et al. (2017) have developed a multi-temporal dual-channel retrieval algorithm 58 

(MT-DCA) to simultaneously retrieve SM and VOD from the mono-angular SMAP observations. 59 

Currently, both SMAP and SMOS releases of the SM and VOD products are based on the 60 

inversion of the Tau-Omega emission model (referred to as TO or Tau-Omega in the following) 61 

(Mo et al., 1982). Tau-Omega includes radiative transfer contributions from the soil surface and 62 

the vegetation canopy represented by a uniform “soft layer”, e.g. refraction and reflection at its 63 

upper bound are ignored. As a 0th-order solution (the scattering phase function is set to zero) of 64 

the radiative transfer (RT) equations, Tau-Omega neglects multiple reflections at the soil-65 

vegetation interface, and it is also incompatible with Kirchhoff’s law (Mätzler, 2000). 66 

Furthermore, by neglecting multiple scattering effects within the vegetation layer, Tau-Omega 67 

provides an insufficient representation of volume scattering effects in dense vegetation (Feldman 68 

et al., 2018). However, Kurum (2013) has found that by considering volume scattering through 69 

an equivalent scattering albedo, the 1st-order solution of the RT equations can be well represented 70 

by the 0th-order Tau-Omega. Such an approach was used by Ferrazzoli et al. (2002) to represent 71 

scattering effects over forests. 72 
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In contrast to Tau-Omega, higher order solutions of the RT equations have been proposed 73 

(Feldman et al., 2018; Schwank et al., 2018). Among them, the Two-Stream emission model 74 

(referred to as 2S in the following), was developed in the context of the “Microwave Emission 75 

Model of Layered Snowpacks” (MEMLS) (Mätzler, 1998; Wiesmann and Mätzler, 1999). 2S 76 

holds a stronger physical background than Tau-Omega; in particular, it considers multiple 77 

scattering and reflection. Furthermore, the “soft layer” assumption (e.g. neglecting refraction and 78 

reflection at the upper interface of the medium) is not required in 2S. The latter advantage is 79 

crucial to represent brightness temperatures (TB) over snow-covered ground (Schwank et al., 80 

2018; Lemmetyinen et al., 2016). The single-layer configuration of the L-band Specific 81 

Microwave Emission Model of Layered Snowpacks (LS-MEMLS), which includes 2S, has been 82 

used to estimate snow liquid water content (Derek et al, submitted; Naderpour and Schwank, 83 

2018; Naderpour et al., 2017) and snow density (Lemmetyinen et al., 2016; Schwank et al., 2015; 84 

Schwank and Naderpour, 2018) from L-band radiometry.  85 

To summarize, in theory, using 2S instead of Tau-Omega in retrieving SM and VOD at 86 

global scale presents almost only some advantages. Using 2S would allow: 87 

(i) the development of retrieval algorithms with the same microwave emission model (EM) 88 

to estimate SM and VOD (Konings et al., 2017; Wigneron et al., 2007, 2017), snow properties 89 

(Naderpour and Schwank, 2018; Schwank and Naderpour, 2018; Lemmetyinen et al., 2016; 90 

Schwank et al., 2015), and ground freeze or thaw conditions (Derksen et al., 2017; Rautiainen et 91 

al., 2014). This development would be thus a key step in simplifying global retrieval algorithms. 92 

Because, presently the use of distinct models (Tau-Omega to retrieve SM and VOD or 2S to 93 

retrieve snow properties and ground freeze or thaw conditions), requires the use of a decision tree 94 

and of ancillary data to detect what is the soil surface status (frozen or non-frozen soil conditions? 95 
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snow presence? etc.). All this makes global retrievals more complex. The use of a single model 96 

(2S) for all surface conditions would make the retrieval algorithm much simpler and would be 97 

thus crucial for achieving full exploitation of satellite-based passive L-band observations.   98 

(ii) the use of first order solution of the RT equations, which theoretically provides a better 99 

representation of volume scattering effects in dense vegetation. This is potentially a key step to 100 

achieve accurate SM and VOD retrievals in dense forests, especially in the Amazon and Congo 101 

basins, which are key vegetation areas of the global water and carbon cycle (Fan et al., 2019b). 102 

(iii) using a first order solution of the RT equations which is very simple (the formulation of 103 

the single layer 2S is almost as simple as that of the Tau-Omega model (Schwank et al., 2019)) 104 

and which can be easily substituted to the Tau-Omega model, using transformation equations for 105 

the vegetation scattering parameter as developed by Schwank et al. 2018 (see Appendix).  106 

So using 2S in global operational algorithms of the SMOS and SMAP missions is very 107 

promising. However, the application of 2S to achieve global SM and VOD retrievals from 108 

satellite measurements requires an accurate and large-scale evaluation which has not been yet 109 

carried out. Schwank et al. (2018) have compared the performance of 2S and Tau-Omega in 110 

simulating TB and retrieving SM and VOD based on synthetic and close-distance (tower-based) 111 

L-band TB measured during the “Forest Soil Moisture Experiment” (FOSMEX) (Guglielmetti et 112 

al., 2008). But, as most evaluation studies of 2S have been made to date at a local scale, it is not 113 

possible to confirm that 2S is an accurate model for global retrievals of SM and VOD. The 114 

objective of this study is address this issue and to investigate the performance of 2S for retrieving 115 

global SM and VOD in comparison to corresponding retrievals achieved with the traditional Tau-116 

Omega model using the SMOS-IC retrieval algorithm (Fernandez-Moran et al., 2017a; Wigneron 117 
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et al., 2018). In this study, the current SMOS-IC algorithm version V105 was either used in its 118 

traditional Tau-Omega retrieval configuration (SMOS-ICTO) or in the 2S configuration (SMOS-119 

IC2S). Soil moisture retrievals SMEM achieved with emission models EM = TO or EM = 2S were 120 

inter-compared against the “European Centre for Medium-Range Weather Forecasts” (ECMWF) 121 

modelled SM and the “International Soil Moisture Network” (ISMN) (Dorigo et al., 2015; Dorigo 122 

et al., 2017) in-situ measurements during 2011 – 2017. Retrievals of VOD2S and VODTO were 123 

compared to the “Normalized Difference Vegetation Index” (NDVI) and above-ground biomass 124 

(AGB) (Saatchi et al., 2011). Note that the present study used exclusively SMOS data, but the 125 

final implications are not only relevant for SMOS, but also for other passive L-band missions 126 

(e.g., SMAP).  127 

2. Materials and methods 128 

2.1. Datasets 129 

2.1.1. SMOS TB products 130 

One input of the SMOS-IC retrieval algorithm is SMOS-Level3 (L3) brightness temperatures 131 

(TB) generated and delivered by CATDS (Centre Aval de Traitements des Données SMOS). The 132 

daily SMOS-L3 TB product consists of brightness temperatures ��
�,� measured at horizontal and 133 

vertical polarizations (� = �H, V�) and multiple observation angles � relative to nadir. SMOS-L3 134 

TB are available for both descending and ascending orbits and are projected on a global Equal 135 

Area Scalable Earth Grid version 2 (EASE-Grid 2.0), with a spatial resolution of 25 km (Al Bitar 136 

et al., 2017). SMOS-L3 TB are top of the atmosphere observations (Al-Yaari et al., 2017) and are 137 

averaged in observation angle bins of 5°, with a bin center ranging from 2.5° to 62.5°. In this 138 

study, only TB (�) layers with 20° ≤ � ≤ 55° and a range of available angular values larger than 139 
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10° (Fernandez-Moran et al., 2017a; Fernandez-Moran et al., 2017b) were used, since the error in 140 

SM retrievals decreases for increasing ranges of incidence angles (Wigneron et al., 2000). 141 

2.1.2. SMOS-IC SM and VOD products 142 

We used the current SMOS-IC algorithm version V105, which is an alternative to the 143 

SMOS-L2 and SMOS-L3 algorithms (Fernandez-Moran et al., 2017a), to perform the SM and 144 

VOD retrievals. SMOS-IC was used here because it is simple and it is independent of auxiliary 145 

variables making it very robust for testing (Wigneron et al., 2018) and applications (Al-Yaari et 146 

al., 2019a; Brandt et al., 2018; Tian et al., 2018). The SMOS-IC VOD product has been shown to 147 

perform very well relatively to other SMOS products when compared to reference datasets such 148 

as above ground biomass, tree height and mean annual precipitation, etc. (Rodríguez-Fernández 149 

et al., 2018). Moreover, recent SM inter-comparison studies with other remotely-sensed products 150 

(ASCAT H111, CCI V04.2, SMOSL2 V650, SMOSL3 V300, and SMAPL3 V4) have shown that 151 

SMOS-IC also performs very well and with similar accuracy as SMAP SM (Al-Yaari et al., 152 

2019b; Colliander et al., 2019; Quets et al., in press). 153 

The SMOS-IC algorithm relies on a 2-Parameter (i.e., SM and VOD) inversion of the L-154 

MEB model as defined in Wigneron et al. (2000, 2007). In the L-MEB approach, the 0th-order 155 

Tau-Omega emission model (Mo et al., 1982) is used and the 2-Parameter retrieval of SM and 156 

VOD is achieved by minimizing a cost function that includes the root mean square difference 157 

between observed and simulated TB. We refer readers to Wigneron et al. (2000, 2007, 2017) for 158 

more details on the L-MEB forward emission model. The main features of SMOS-IC are given 159 

below: 160 

1) Through an efficient use of the TB data from multiple observation angles, the SMOS-IC 161 

retrieval algorithm is designed to be as independent as possible from auxiliary data. Notably, 162 
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ECMWF modeled soil moisture or Moderate Resolution Imaging Spectroradiometer (MODIS) 163 

Leaf Area Index (LAI) products are not used in SMOS-IC over heterogeneous pixels including 164 

forests (Al-Yaari et al., 2019b). This minimal use of auxiliary data makes SMOS-IC well-suited 165 

and robust for a wide range of applications in the field of hydrology and large scale vegetation 166 

monitoring.  167 

2) SMOS-IC is much simpler than the SMOS-L2 and SMOS-L3 algorithms. For instance, 168 

SMOS-IC does not attempt to characterize the effects of antenna patterns varying with view 169 

angle and azimuth.  It also considers pixels as homogeneous to reduce the use of auxiliary 170 

datasets characterizing the pixel heterogeneity (Ebrahimi-Khusfi et al., 2018; Fernandez-Moran 171 

et al., 2017a).  172 

3) Model parameters used to represent effects of soil roughness (Lawrence et al., 2013) and 173 

vegetation have been recently optimized (Fernandez-Moran et al., 2017b). The so-called HR 174 

roughness parameter was estimated from the global roughness map of Parrens et al. (2016). 175 

The SMOS-IC SM product is currently available online via CATDS in the Network 176 

Common Data Form (NetCDF) format for both orbits on a global EASE-Grid 2.0, with a 177 

sampling resolution of 25 km.  178 

2.1.3. ECMWF data 179 

In this study, we used the ECMWF modelled soil temperatures and SM datasets (top 0–7 cm 180 

soil layer; referred to as SMECMWF in the following). The ECMWF product is derived from the 181 

ERA-Interim dataset, which is based on IFS-Cy31r2 (a numerical weather prediction (NWP) 182 

system) to solve for parameters including different layer volumetric soil moisture (Berrisford et 183 

al., 2011). Details about this ERA-Interim modelling and the data assimilation system can be 184 
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referred to (Berrisford et al., 2011; Dee et al., 2011). ECMWF modelled soil temperatures were 185 

used to calculate effective soil temperatures Ts for the SMOS-IC algorithm based on the 186 

formulation of Wigneron et al. (2001). The SMOS-IC SM retrievals were compared to SMECMWF 187 

at global scale. The ECMWF dataset was resampled using the SMOS-L3 pre-processor to be in 188 

the same format (i.e., EASE-Grid 2.0). SMECMWF has been shown to represent well the SM 189 

variability at global scale (Albergel et al., 2012; Fernandez-Moran et al., 2017a). 190 

2.1.4. ISMN ground-based measurements 191 

SMOS-IC SM retrievals were also evaluated at local scale against in-situ SM data (referred 192 

to as SMin-situ in the following) obtained from the ISMN data set (Dorigo et al., 2011). ISMN is an 193 

international initiative of GEWEX (Global Energy and Water Cycle Experiment) and ESA, 194 

aiming at establishing and maintaining a global in-situ soil moisture database (Dorigo et al., 195 

2013). This database aims at promoting scientific studies on the validation and improvement of 196 

global satellite observations and land surface modeling. The ISMN database hosts currently SM 197 

data from about ~60 networks (products are available at https://ismn.geo.tuwien.ac.at/). In this 198 

study, only in-situ ISMN networks with sufficiently long time series of SM data covering the 199 

period 2011 - 2017 were used. Only SM observations of the top 0~5 cm soil layer with a flag set 200 

to “Good” were used (Al-Yaari et al., 2019b; Dorigo et al., 2013). Consequently, 748 sites from 201 

27 networks (Table 1) over the USA, Canada, Australia, and Europe were used. Fig. 1 presents 202 

the spatial distribution of the in-situ sites with the International Geosphere-Biosphere Programme 203 

(IGBP) land cover classification shown in the background. 204 

Table 1 In situ Networks from ISMN. The type of the land cover is determined by IGBP. Note 205 

that a total of 27 networks was used; here we only list the networks with more than 5 available 206 

sites, and more data can be viewed in Table S1 in the supplementary materials.  207 

Network name Country 
Number of 

available 
Land cover type References 
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sites 

AMMA-CATCH 
Benin, Niger, 

Mali 
6 savannas, cropland/natural vegetation mosaic Lebel et al. (2009) 

ARM USA 16 grasslands, croplands https://www.arm.gov/ 

FMI Finland 6 woody savannas Rautiainen et al. (2012) 

HOBE Denmark 28 croplands 
http://www.hobe.dk/index.php/soil-

moisture-network 

OZNET Australia 8 grasslands, croplands Smith et al. (2012) 

PBO-H2O USA 54 
grasslands, open shrublands, croplands, barren or 

sparsely vegetated 
Larson et al. (2008) 

REMEDHUS Spain 21 croplands Sanchez et al. (2012) 

RISMA Canada 19 croplands, cropland/natural vegetation mosaic 
http://agriculture.canada.ca/SoilMo

nitoringStations 

RSMN Romania 15 croplands, cropland/natural vegetation mosaic http://assimo.meteoromania.ro/ 

SCAN USA 147 

cropland/natural vegetation mosaic, barren or 

sparsely vegetated, croplands, deciduous 

broadleaf forest, evergreen needleleaf forest, 

grasslands, mixed forest, woody savannas, open 

shrublands 

Schaefer et al. (2007) 

SMOSMANIA France 20 

croplands, evergreen needleleaf forest, woody 

savannas, mixed forest, cropland/natural 

vegetation mosaic 

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

(2007) 

SNOTEL USA 172 
croplands, evergreen needleleaf forest, 

grasslands, woody savannas, open shrublands  
Serreze et al. (2001) 

SOILSCAPE USA 117 
grasslands, open shrublands, savannas, woody 

savannas  
Moghaddam et al. (2010) 

USCRN USA 88 

cropland/natural vegetation mosaic, barren or 

sparsely vegetated, croplands, deciduous 

broadleaf forest, evergreen needleleaf forest, 

grasslands, mixed forest, woody savannas, open 

shrublands 

Bell et al. (2013) 
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 208 

Fig. 1. Spatial distribution of the different in-situ sites (pink circles). The IGBP land cover 209 

classification is represented in the background.  210 

 211 

2.1.5. Additional datasets  212 

Several additional datasets shown in Table 2 were used to interpret the results, including the 213 

IGBP land cover classification scheme, MODIS LAI, MODIS NDVI and above-ground biomass 214 

(AGB) map. Earlier studies (e.g., Al-Yaari et al., 2019b; Al-Yaari et al., 2014a; Al-Yaari et al., 215 

2014b) have shown that the performance of the remotely-sensed SM retrievals may vary as a 216 

function of vegetation density and land cover type. Here, we used the IGBP land cover 217 

classification scheme and LAI data (see Fig.2) to account for the different land cover types and 218 

vegetation conditions when comparing the SM retrievals. The NDVI and AGB data were 219 

intercompared with the SMOS-IC VOD retrievals for both Tau-Omega and 2S configurations at 220 
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global scale. All the additional datasets were rescaled to the SMOS-L3 TB resolution, to ensure 221 

that all data have the same spatial resolution of 25 km. 222 

Table 2 Additional datasets.  223 

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) 

 224 

Fig. 2. Global LAI map obtained from MODIS using the maximum value composite (MVC) 225 

method (Holben, 1986) during 2011 – 2016. 226 

 227 

2.2. Methods 228 

2.2.1 Tau-Omega and Two-stream emission models 229 

Two different microwave emission models (Tau-Omega and 2S) were implemented in the 230 

SMOS-ICEM (with EM = TO or EM = 2S) retrieval algorithms to achieve respective 2-Parameter 231 

retrievals (SMEM, VODEM) of Soil Moisture (SM) and Vegetation Optical Depth (VOD). Note that 232 

in this study both "VOD" and "τ" terms are equivalent; the term “τ” being used most often in 233 

radiative transfer equations. The 0th-order Tau-Omega model (TO) (Mo et al., 1982) is used in the 234 
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operational SMOS and SMAP retrievals over land surfaces, and it is implemented in the current 235 

version V105 of SMOS-IC (Fernandez-Moran et al., 2017a). The 1st-order Two-Stream model 236 

(2S) was originally developed as part of the “Microwave Emission Model of Layered Snowpacks” 237 

(MEMLS) (Mätzler, 1998; Wiesmann and Mätzler, 1999). The common points to both Tau-238 

Omega and the 2S version used here are i) the parameterization of the soil by means of an infinite 239 

homogeneous layer with a rough surface, and ii) the parameterization of the above vegetation by 240 

means of a single homogeneous “soft-layer”.  241 

Detailed equations of the Tau-Omega and 2S models and of the SMOS-IC algorithm based 242 

on these two emission models are given, respectively, in the Supplementary text and in the 243 

Appendix. Note that to ensure that (SM2S, VOD2S) retrievals achieved with SMOS-IC2S were 244 

comparable to (SMTO, VODTO) retrievals achieved with the “traditional” algorithm SMOS-ICTO, 245 

all input datasets and default parameters were consistent with the original SMOS-ICTO (V105) 246 

(Fernandez-Moran et al., 2017a). 247 

2.2.2 Metrics used for evaluating SMOS-ICEM retrievals 248 

Retrievals of (SM, VOD) from both SMOS-ICTO and SMOS-IC2S were evaluated against 249 

reference datasets, and then, the resulting statistical parameters were inter-compared. Specifically, 250 

retrieved SM values were compared to simulated SM (SMECMWF) and in-situ SM measurements 251 

(SMin-situ) and retrieved VOD values were compared to NDVI and AGB. For consistency and 252 

significance purposes, the following criteria were applied. Comparisons were performed: i) over 253 

a long period (i.e., 2011 – 2017) and using SMOS observations acquired during the ascending 254 

orbits (very similar results would be obtained for descending orbits (Al-Yaari et al., 2014b)); ii) 255 

strictly using the same number of pixels and the same number of data (and thus of dates) over 256 
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each pixel for the SMOS-ICTO and SMOS-IC2S retrievals; iii) applying same data filtering for the 257 

SMOS-ICTO and SMOS-IC2S retrievals, i.e., all retrievals values were filtered out for:  258 

-SM data outside the range 0–0.6 m3/m3 (Dorigo et al., 2013); 259 

-VOD data outside the range 0 – 2 (Fernandez-Moran et al., 2017a); 260 

-Root Mean Square Error (RMSE) between ��,���
�,��

 and ��,��
�,��

 exceeding 8 K, to filter out 261 

retrievals most impacted by RFI (Radio Frequency Interferences) (Al-Yaari et al., 2019b; 262 

Wigneron et al., 2018).  263 

The evaluation of retrieved VOD was based on the spatial and temporal Pearson correlation 264 

coefficient (R) with ancillary vegetation indices. The evaluation of retrieved SM was based on 265 

four metrics which are widely used in the soil moisture community (e.g., Al-Yaari et al., 2019b; 266 

Fan et al., 2019a). These metrics include R, Root Mean Square Difference (RMSD; m3/m3), Bias 267 

(m3/m3), and the unbiased RMSD (ubRMSD; m3/m3) (Al-Yaari et al., 2019b; Entekhabi et al., 268 

2010). It should be noted that R and ubRMSD were considered as primary quality criteria in 269 

comparison to Bias and RMSD, as SMECMWF and SMin-situ do not represent the soil moisture value 270 

as "observed" by the SMOS measurements, considering the different "sampling" depths of the 271 

simulated, retrieved and in-situ SM data. The mentioned metrics were computed as described in 272 

(Al-Yaari et al., 2019b). It should be noted that when comparing retrieved SM with SMin-situ, the 273 

time series of satellite-based retrievals of SM were extracted from the original grid (i.e., 25 km) 274 

covering each site (based on latitude and longitude of the site) to obtain values corresponding to 275 

the field measurements and only the SMin-situ data matching with the instantaneous overpass of the 276 

SMOS observations within a time window of 1 hour were selected.  277 

The metrics between the SMOS based retrievals of (SM, VOD) and the reference data were 278 

computed separately for each pixel/station. Each pixel/station with low quality data was 279 
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discarded from the analyses. Each pixel/station, for instance, with a number of data pairs (after 280 

filtering or quality control, e.g., only in-situ SM flagged as “Good” were considered) lower than 281 

one month (~31) were filtered out (Al-Yaari et al., 2019b; Kolassa et al., 2018) and only 282 

significant correlations (p-values < 0.05) were considered. As done by Al-Yaari et al. (2019b), 283 

we accounted only for SM retrievals where (p-value < 0.05) and (R > 0.4) when comparing to in 284 

situ data sets (this condition only applies to the local scale evaluation of retrieved SM). Finally, 285 

the median of four metrics for all pixels/stations pertaining to an IGBP land cover type or a LAI 286 

category was calculated. As correlation coefficients (R) cannot be simply averaged, we computed 287 

the median of R. In our analysis, in addition to the median skill metrics, we considered the spatial 288 

standard deviation.  289 

3. Results 290 

Several assessments undertaken to evaluate possible differences between SM and VOD 291 

retrievals obtained from the SMOS-ICTO and SMOS-IC2S algorithms are presented in this section. 292 

To this end, we inter-compared the ability of retrieved SM to capture the temporal dynamics of 293 

the reference SM (i.e., either SMECMWF or SMin-situ) at both global and local scales. As there is no 294 

consensus on the reference VOD values to use at large scale (Fan et al., 2018; Fernandez-Moran 295 

et al., 2017a), retrieved VOD was compared to NDVI and AGB. 296 

3.1. Retrieval evaluation at global scale 297 

3.1.1 Soil Moisture 298 

Global maps of the statistical parameters (i.e., R, ubRMSD, Bias, and RMSD) of the direct 299 

comparison of SMECMWF with SM2S or with SMTO over 2011 – 2017 are shown in Fig.3. Overall, 300 

when comparing to ECWMF model outputs, the spatial patterns of SM2S and SMTO retrievals are 301 
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very similar. According to correlation (R) results, both SM2S and SMTO have the same ability to 302 

capture the seasonal variations of SMECMWF. Both showed lowest R values over forested areas and 303 

both SM2S and SMTO yielded negative correlations with SMECMWF over some specific forest 304 

regions such as the Congo and Amazon basins and Northern Russia. The median correlations 305 

computed at global scale between the retrieved products (SMTO or SM2S) and SMECMWF were very 306 

similar (R = 0.63).  307 

Similarly, no substantial difference was found in the spatial patterns of RMSD and ubRMSD 308 

for SM2S and SMTO. Specifically, over the boreal forests in Eurasia (for RMSD) and the inter-309 

tropical regions of Africa and America (for ubRMSD), both SM2S and SMTO exhibited lower 310 

values. Similarly, for both retrieved SM products, there were no significant differences in the 311 

spatial patterns of Bias. Both SM2S and SMTO were found to be generally much drier than 312 

SMECMWF, except for northern Europe, northern Canada and some semi-arid areas (Sahara in 313 

northern Africa, and desert areas in central Asia and Australia). The general negative bias can 314 

partly result from the discrepancies between the sampling depths of the SMOS SM data (~0-3 cm 315 

top soil layer) and the top soil layer of the modelled ECMWF SM data (0-7 cm top soil layer) 316 

(Fernandez-Moran et al., 2017a). So, the different soil moisture Bias patterns shown in Fig.3 317 

should be interpreted with caution.   318 
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 319 

 320 

Fig. 3. Statistics at pixel-scale during 2011 – 2017 calculated between SMECMWF and SMTO 321 

(Right); and SM2S (Left): (a, b) correlation coefficient (R); (c, d) unbiased Root Mean Square 322 

Difference (ubRMSD, m3/m3); (e, f) Bias (m3/m3); (g, h) Root Mean Square Difference (RMSD, 323 

m3/m3). 324 

 325 

The spatial differences between SM2S and SMTO in terms of Bias and ubRMSD are shown in 326 

Fig. S1 in the supplementary materials. It can be seen that SM2S is generally drier than SMTO 327 

except over the Congo Basin, Sahara in northern Africa, and desert areas in central Asia and 328 

Australia. However, ubRMSD for SM2S is smaller than that for SMTO in most of the world (except 329 

Rmedian=0.63 Rmedian=0.63 

ubRMSDmedian=0.059 m3/m3 

SMOS-IC2S SMOS-ICTO 

ubRMSDmedian=0.060 m3/m3 

Biasmedian=-0.119 m3/m3 Biasmedian=-0.105 m3/m3 

RMSDmedian=0.139 m3/m3 RMSDmedian=0.130 m3/m3 
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in semi-arid regions of Namibia and Botswana in southern Africa and over humid areas in the 330 

Amazon basin). As mentioned in Section 2.2.2, correlation and ubRMSD were considered as 331 

primary quality criteria in this study. Thus, Fig.4 is focused on the spatial distribution of pixels 332 

with the highest correlation coefficients (R) and lowest ubRMSD values obtained when 333 

comparing SMECMWF either with SM2S (red) or SMTO (blue) over 2011 – 2017. The pixels for 334 

which |���� − ����| is lower than 0.02 in terms of correlation and less than 0.005 m3/m3 in 335 

terms of ubRMSD are indicated by a pink color (Fernandez-Moran et al., 2017a). We found that 336 

the red color is mainly distributed in the high latitudes of the northern regions, meaning that SM2S 337 

is generally closer to SMECMWF in regard to the time dynamics. In some regions of the tropics 338 

(mostly in the Amazon Basin and tropical Asia), SMTO is performing better (blue areas) in terms 339 

of R values. However, in these areas, the difference in the values of ubRMSD was generally 340 

extremely small (<0.005 m3/m3, indicated by the pink color). The global maps of the temporal 341 

mean SM values for the three SM datasets are shown in Fig. S2 (in the supplementary materials). 342 

The spatial patterns of SM retrieved using Tau-Omega and 2S have a high similarity and both of 343 

them are in good agreement with those of SMECMWF (Fig. S2a and Fig. S2b).  344 
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 345 

Fig. 4. Comparison of SM2S and SMTO with respect to SMECMWF showing: (a) where SMTO (blue) 346 

or SM2S (red) provides the best correlation coefficient (R) or where the difference in R < 0.02 347 

(pink); and (b) where SMTO (blue) or SM2S (red) leads to the lowest value of ubRMSD or their 348 

difference in terms of ubRMSD < 0.005 m3/m3 (pink). Only pixels with significant correlation (p 349 

<0.05) are presented and temporal series of data pairs >30.  350 

3.1.2 Assessment based on different vegetation conditions 351 

This section aims to evaluate and inter-compare the SMTO and SM2S retrievals for different 352 

vegetation conditions. Fig. 5 presents the median of the statistics (i.e., R and ubRMSD) computed 353 

between both retrieved SM products and SMECMWF, for MODIS-based LAI values ranging from 0 354 

to 7 m2/m2 with an interval of 1 m2/m2. It can be noted that there is a decrease in correlation (R) 355 

and increase in ubRMSD for both SM2S and SMTO with increasing vegetation density. Overall, 356 

there was little difference between the metrics computed for SM2S and SMTO for the different LAI 357 
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classes. In terms of correlation (R), similar performances were obtained for SM2S and SMTO for 358 

the categories 0-1, 1-2 and 2-3, but a slightly better performance was obtained with SMTO for LAI 359 

classes going from 3-4 to 5-7. In terms of ubRMSD, SM2S was slightly more performant than 360 

SMTO for all LAI categories. 361 

 362 

Fig. 5. Median metrics (R and ubRMSD, m3/m3) of all pixels stratified by LAI for SM2S and 363 

SMTO compared to SMECMWF. Error bars are represented by the standard deviation (SD) 364 

(median+SD) over each station. 365 

Fig.6 shows the same median metrics (R and ubRMSD) for SM2S and SMTO, for all pixels 366 

stratified with the IGBP land cover type. According to correlation, it can be noted that the R 367 

values obtained with both retrieved SM products over non forest categories (except for 368 

“Deciduous broadleaf forests”) are higher than the correlation (R) values over most of forest 369 

categories (“Evergreen broadleaf forests”, “Evergreen needleleaf forests”, “Deciduous needleleaf 370 

forests”, and “Mixed forests”). The performance of SM2S and SMTO is very similar, except over 371 

“Deciduous needleleaf forests” where SM2S is slightly more performant than SMTO. In terms of 372 

ubRMSD, both SM2S and SMTO have relatively low values over the “Barren or sparsely vegetated” 373 

and “Shrublands” categories compared to the other land surface types. Except for “Evergreen 374 

broadleaf forests” and “Savannas” (for which results are almost similar), the ubRMSD obtained 375 

with SM2S is lower than that obtained for SMTO for all land cover types, with results over the land 376 
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types “Evergreen needleleaf forests”, “Deciduous needleleaf forests”, “Deciduous broadleaf 377 

forests”, “Mixed forests” and “Woody savannas” being the most obvious. 378 

 379 

Fig. 6. Median metrics (R and ubRMSD, m3/m3) of all pixels stratified by IGBP land cover type 380 

for SM2S and SMTO compared to SMECMWF. With, ENF (Evergreen needleleaf forests), EBF 381 

(Evergreen broadleaf forests), DNF (Deciduous needleleaf forests), DBF (Deciduous broadleaf 382 

forests), MF (Mixed forests), SH (Shrublands), WS (Woody savannas), S (Savannas), G 383 

(Grasslands), C (Croplands), CNVM (Cropland/natural vegetation mosaics), BSV (Barren or 384 

sparsely vegetated). 385 
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3.1.3 Vegetation Optical Depth 386 

We found that, generally, the temporal mean of VOD2S and VODTO retrievals have similar 387 

spatial distribution patterns (Fig. S3). For both VOD retrievals, the highest VOD values were 388 

found over the tropical (e.g., over the Congo and Amazon basins) and boreal forests, and the 389 

minimum VOD values over dry areas, such as midwestern America, Sahara in northern Africa, 390 

and the desertic areas in central Asia and Australia (Fig. S3). It can be noted that the VODTO 391 

values are generally higher than those of VOD2S, especially over areas covered by dense 392 

vegetation.  393 

Fig. 7 shows the pixel-based statistics (R and Bias) derived from the direct comparison 394 

between the two VODTO and VOD2S retrieved products for 2011 – 2017. In terms of correlation, 395 

VODTO and VOD2S have similar (R > 0.95) seasonal variations at the global scale, except over 396 

tropical forests. In Fig. 7b, it can be noted that the largest differences between VODTO and VOD2S 397 

are found in regions covered by dense vegetation (e.g., Amazon & Congo basins, etc.), where 398 

VOD2S is found to be smaller. In these regions, the ubRMSD between VODTO and VOD2S is also 399 

higher, contrary to barren or desert regions as in the central Asia and Australia, or in Sahara, 400 

where the ubRMSD values are close to zero as shown in Fig. S4. 401 
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 402 

Fig. 7. Statistics at pixel scale during 2011 – 2017 computed between VODTO and VOD2S (a) 403 

correlation coefficient; (b) Bias (VODTO minus VOD2S).  404 

Global maps of the correlation (R) for the relationship between MODIS NDVI and 16-day 405 

average values of VOD2S and VODTO over 2011 – 2017 are shown in Fig.8. Overall, when 406 

comparing to NDVI, the spatial patterns of VOD2S and VODTO retrievals are very similar. Both 407 

VOD2S and VODTO showed highest R values over western Canada, Mexico, Sahel, southern 408 

Africa, eastern Russia and Australia, while the lowest ones were generally found over western 409 

America, eastern Europe and the border between Kazakhstan and Russia. Over most tropical 410 

areas (e.g., Amazon and Congo basins), the R values between both retrieved products (VODTO or 411 

VOD2S) and NDVI were found to be not significant (p > 0.05). Moreover, as shown in Fig.3a, 412 

both SM2S and SMTO yielded negative correlations with SMECMWF over densely-forested regions 413 

in the Amazon and Congo basins. To better understand this result, we selected two sites  ((15.18° 414 
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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 415 

Congo basin) corresponding to these areas to analyze and inter-compare the temporal series of 416 

NDVI and the 16-day average values of SM and VOD (Fig.S5, Table S2). SM (from all products), 417 

as shown in Fig.S5, exhibited a clear seasonal cycle, and retrieved SM (from both TO and 2S 418 

products) and ECMWF SM showed opposite interannual variations over both sites.  As for SM, a 419 

clear seasonal cycle in VODTO can be noted over the Amazon site, but the seasonal cycle of VOD 420 

is generally less clear, especially at the Congo site, while NDVI showed no clear seasonal 421 

variations over both the Congo and Amazon sites. The retrieved values of VOD2S and VODTO are 422 

different over both sites and both in terms of magnitude and seasonal variations, especially at the 423 

Amazon site, which is consistent with the results obtained in Fig.7. The correlation values 424 

between SM (from all products) and NDVI and that between VOD (from both TO and 2S 425 

products) and NDVI have a very low level of significance (p > 0.1). It is likely that this can be 426 

explained by the saturation of the NDVI values over dense vegetation, as can be clearly noted in 427 

Fig. S6. We also noted that the R values between VOD and SM (for both TO and 2S products) 428 

are generally positive and significant. This could be explained by the fact the temporal dynamics 429 

of vegetation as parameterized by VOD correspond well to the temporal dynamics of 430 

precipitation events and of the associated changes in the soil moisture values.  431 
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 432 

Fig. 8. Pixel-based correlation (R) for the relationship between 16-day average values of VOD 433 

and MODIS NDVI: (a) VOD2S and (b) VODTO. Grey areas correspond to pixels where correlation 434 

is not significant as defined by a p-value > 0.05. White areas indicate “no valid data”. 435 

 436 

Fig.9 shows the spatial distribution of pixels where VOD2S (red) or VODTO (blue) correlates 437 

better to MODIS NDVI during 2011-2017, (as done in Fig. 4 for SM values).  Generally, the 438 

temporal correlation (R) values of VOD2S were higher than those of VODTO over most of the 439 

tropical area (e.g., southern of Mexico, the marginal region of the Congo Basin), southern 440 

Australia and the northern parts of Russia and southern Europe. Conversely, in some other areas 441 

(for instance in eastern America and central Russia), a higher R value was associated with 442 

VODTO.  443 



26 

 

 444 

Fig. 9. Same as Fig. 4a, except that we show here the difference in correlation between 16-day 445 

average values of VOD2S and VODTO with MODIS NDVI. Grey areas correspond to pixels where 446 

correlation is not significant as defined by a p-value > 0.05.  White areas indicate “no valid data”. 447 

The density scatter plots between the temporal mean of retrieved VOD and AGB from 448 

Saatchi et al. (2011) are shown in Fig. 10. Generally, the spatial correlation obtained between the 449 

two retrieved VOD and AGB are very similar (R = 0.87 for both VOD2S and VODTO). However, 450 

the density of higher VOD values (>1) retrieved from SMOS-IC2S is lower than that retrieved 451 

from SMOS-ICTO at global scale. In addition, the spatial R values computed at global scale 452 

between VOD2S or VODTO with NDVI are also very similar (R = 0.66 for both VOD2S and VODTO) 453 

(Fig. S6). Similarly to what was done by Rodríguez-Fernández et al. (2018) and Liu et al. (2015), 454 

we calibrated a relationship between VOD and NDVI (Fig. S6). Even though VOD and NDVI are 455 

sensitive to different features of the vegetation structure, it is interesting to note that the 456 

relationship between VOD2S and NDVI has a slightly higher correlation value (difference in R ~ 457 

0.02) than that between VODTO and NDVI. We also found that NDVI saturates even for moderate 458 

VOD values (VOD ~ 0.5), consistently with previous studies (Rodríguez-Fernández et al., 2018; 459 

Lawrence et al., 2014)( Fig. S6). 460 



27 

 

 461 

Fig. 10. Density scatter plots showing the relationship between temporal mean of retrieved 462 

VOD2S (a) and VODTO (b) with above-ground biomass AGB values computed from Saatchi et al. 463 

(2011) at global scale. 464 

3.2. Evaluation of soil moisture at local scale 465 

To complete the global evaluation of retrieved SM done in Section 3.1, the performance of 466 

SM2S and SMTO was evaluated against SMin-situ at 748 in-situ sites over 2011 – 2017, namely the 467 

same period as that used for the global evaluation of the previous section.  468 

Statistical results of the comparison between SMin-situ and both SM2S and SMTO are presented 469 

in Table 3. In the latter table, the median values of all metrics are given for each measurement 470 

network. From the table, we can see that the highest correlation values (R) for both SM2S and 471 

SMTO were obtained for FLUXNET-AMERIFLUX, while the lowest ones were found over the 472 

FMI network. For the other sites (except SWEX-POLAND, ORACLE, FR-Aqui, and UDC-473 

SMOS), both SM2S and SMTO present similar results in terms of correlations. In good agreement 474 

with results of the previous sections, in terms of ubRMSD, same or lower values of ubRMSD 475 

were generally obtained with SM2S (except for a few sites as SNOTEL, SWEX-POLAND, iRON). 476 

However, the difference in ubRMSD between SM2S and SMTO was generally low, and the 477 

maximum difference (0.005 m3/m3) was found for the MySMNet network. 478 
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In terms of median values computed over all sites ("All" item in last lines of Table 3), the 479 

metrics obtained between both products were almost the same (median ubRMSD of 0.061 m3/m3 480 

for SM2S and 0.062 m3/m3 for SMTO; median correlation of 0.67 for both SM2S and SMTO). SM2S 481 

and SMTO had biases (remotely sensed retrievals minus in-situ data) with the same sign (either 482 

positive or negative) over all networks except over the MySMNet sites, where SM2S was slightly 483 

drier than SMin-situ, while SMTO was much wetter than SMin-situ. Generally, SM2S was drier than 484 

SMTO (median Bias of -0.061 m3/m3 for SM2S and -0.048 m3/m3 for SMTO). 485 

Table 3 Statistical comparison between SM2S and SMTO against SMin-situ for 2011 – 2017. All the 486 

correlation coefficients are significant considering the criteria p < 0.05.  487 

Network EM R 
ubRMSD 

(m3/m3) 

Bias 

(m3/m3) 

RMSD 

(m3/m3) 
Network EM R 

ubRMSD 

(m3/m3) 

Bias 

(m3/m3) 

RMSD 

(m3/m3) 

AMMA-CATCH 
2S 0.81 0.042 0.008 0.043 

CTP-SMTMN 
2S 0.50 0.096 -0.049 0.108 

TO 0.82 0.042 0.007 0.043 TO 0.49 0.097 -0.041 0.105 

ARM 
2S 0.76 0.057 -0.137 0.150 

DAHRA 
2S 0.81 0.019 -0.020 0.028 

TO 0.76 0.057 -0.128 0.142 TO 0.83 0.019 -0.021 0.029 

FMI 
2S 0.43 0.062 0.082 0.112 SWEX-

POLAND 

2S 0.71 0.094 -0.237 0.255 

TO 0.43 0.065 0.111 0.134 TO 0.74 0.090 -0.220 0.238 

HOBE 
2S 0.66 0.053 -0.072 0.087 

TERENO 
2S 0.66 0.055 -0.208 0.215 

TO 0.65 0.056 -0.055 0.076 TO 0.64 0.057 -0.189 0.197 

OZNET 
2S 0.81 0.053 0.014 0.068 FLUXNET-

AMERIFLUX 

2S 0.89 0.051 -0.043 0.070 

TO 0.81 0.054 0.026 0.072 TO 0.90 0.052 -0.027 0.065 

PBO-H2O 
2S 0.71 0.052 -0.066 0.082 HYDROL-NET-

PERUGIA 

2S 0.61 0.080 -0.114 0.139 

TO 0.71 0.052 -0.057 0.078 TO 0.61 0.083 -0.089 0.121 

REMEDHUS 
2S 0.67 0.054 -0.035 0.075 

ORACLE 
2S 0.68 0.069 0.116 0.135 

TO 0.67 0.056 -0.033 0.075 TO 0.65 0.073 0.128 0.147 

RISMA 
2S 0.68 0.062 -0.074 0.098 

VAS 
2S 0.82 0.047 -0.063 0.080 

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

RSMN 
2S 0.62 0.068 0.001 0.075 

FR-Aqui 
2S 0.60 0.054 -0.072 0.086 

TO 0.62 0.070 0.018 0.080 TO 0.58 0.058 -0.055 0.075 

SCAN 
2S 0.68 0.060 -0.054 0.096 

iRON 
2S 0.52 0.066 -0.198 0.219 

TO 0.68 0.061 -0.041 0.086 TO 0.53 0.065 -0.178 0.200 

SMOSMANIA 
2S 0.72 0.054 -0.123 0.135 

BIEBRZA-S-1 
2S 0.50 0.074 -0.297 0.306 

TO 0.71 0.056 -0.104 0.119 TO 0.50 0.074 -0.279 0.289 

SNOTEL 
2S 0.56 0.079 -0.084 0.123 

MySMNet 
2S 0.49 0.072 -0.003 0.072 

TO 0.56 0.078 -0.070 0.115 TO 0.48 0.077 0.022 0.082 

SOILSCAPE 
2S 0.79 0.057 -0.033 0.075 

UDC-SMOS 
2S 0.58 0.055 -0.209 0.213 

TO 0.80 0.058 -0.019 0.076 TO 0.60 0.055 -0.190 0.195 

USCRN 2S 0.71 0.055 -0.063 0.100 All 2S 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 488 

and ubRMSD) of SM2S and SMTO based either on LAI values ranging from 0 to 7 m2/m2 or IGBP 489 

land cover types and the results are reported in Fig. 11 & 12. Fig.11 shows the median value of R 490 

and ubRMSD computed between both retrieved SM products and SMin-situ, stratified based on 491 

MODIS LAI categories. It can be seen that, as already observed in Fig. 5, there is a decrease in 492 

correlation (R) and increase in ubRMSD for both SM2S and SMTO with increasing vegetation 493 

density when compared to SMin-situ. In terms of R, SM2S performs better than SMTO in category 2-494 

3, and vice versa in category 5-7. SM2S and SMTO have a similar performance over the categories 495 

0-1, 1-2, 3-4 and 4-5. When focusing on ubRMSD (Fig. 11b), SM2S performs slightly better or 496 

similarly as SMTO over the LAI categories ranging from 0-1 to 5-7. However, unlike the results 497 

presented in Fig. 5, the difference between SM2S and SMTO is most pronounced for category 5-7. 498 

 499 

Fig. 11.  Median metrics (R and ubRMSD, m3/m3) of all sites stratified by LAI for SM2S and 500 

SMTO compared to SMin-situ. Number of stations (n) per category: 0-1 (n = 203 stations), 1-2 (n = 501 

282 stations), 2-3 (n = 173 stations), 3-4 (n = 58 stations), 4-5 (n = 26 stations), 5-7 (n = 6 502 

stations).  503 

Another insight on the effect of vegetation on the accuracy of the retrieved SM products with 504 

respect to SMin-situ are shown in Fig. 12. In terms of R, both SM2S and SMTO have the lowest 505 
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variability in their performances amongst all stations, as evaluated by standard deviation, over the 506 

“Barren or sparsely vegetated” categories. As already observed in Fig. 6, the performance of 507 

SM2S and SMTO is almost the same, except over “Croplands”, “Barren or sparsely vegetated” and 508 

“Grasslands”. More generally, it can be noted that the R values obtained with SM2S are higher or 509 

similar to those of SMTO for all land cover categories (except “Grasslands”), with best results 510 

over the land covers “Evergreen broadleaf forests”, “Croplands” and "Barren or sparsely 511 

vegetated". In terms of ubRMSD, both SM2S and SMTO have relatively small values over the 512 

“Barren or sparsely vegetated” and “Shrublands” categories compared to the other land surface 513 

types, and this is also consistent with the results of Fig. 6. It can be noted that the ubRMSD 514 

obtained with SM2S is lower or equal to that of SMTO for all land cover categories, with best 515 

results over the land covers “Evergreen broadleaf forests”, “Shrublands”, “Woody savannas” and 516 

“Croplands”. 517 
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 518 

Fig.12. Same as Fig. 6, except that SM2S and SMTO are compared to SMin-situ. Number of stations 519 

per category: ENF (n = 49 station), EBF (n = 4 station), DBF (n = 9 station), MF (n = 13 station), 520 

SH (n = 53 stations), WS (n = 37 stations), S (n = 84 stations), G (n = 284 stations), C (n = 152 521 

stations), CNVM (n = 57 stations), BSV (n = 6 stations).  522 

 523 

4. Discussion 524 

The evaluation results of this study generally show that the performance of the two SMOS-525 

ICTO and SMOS-IC2S retrieval algorithms are generally very similar (Figs. S2, 3, 4 & Table 3), 526 
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whether we consider the spatial patterns of the temporal mean SM values or the values of the 527 

metrics (i.e., R, ubRMSD, Bias and RMSD). This result was obtained from the comparison of 528 

SM2S and SMTO with both modelled (SMECMWF) and in-situ (SMin-situ) data.  529 

The fact that the performances of the two SMOS-ICTO and SMOS-IC2S algorithms were 530 

generally very similar can be considered as surprising at first sight as Tau-Omega is only a 0th-531 

order solution of the RT equations, while 2S is a 1st-order solution that accounts for multiple 532 

scattering and reflection effects. However, as discussed in Wigneron et al. (2017), some studies 533 

(e.g., Kurum, 2013; Mo et al., 1982) have shown that the analytical form of the equations of the 534 

Tau-Omega model incorporates multiple-scattering effects up to first-order, provided the 535 

parameters ω and τ (VOD) are considered as effective parameters. So, as the values of ω and τ 536 

(VOD) are effective values in the SMOS-IC algorithm (as computed from best-fit approaches 537 

(Fernandez-Moran et al., 2017a; Fernandez-Moran et al., 2017b)), the Tau-Omega model 538 

equations implicitly account for multiple scattering effects up to first-order. 539 

These considerations may allow us to explain the two main results of the study (1) the low 540 

difference in the performances between the SMOS-ICTO and SMOS-IC2S algorithms (2) the 541 

differences obtained in the values of retrieved VOD for both the Tau-Omega and 2S algorithms. 542 

Considering the latter point, the main differences (VOD2S smaller than VODTO) could be noted, 543 

especially in dense tropical forests of the Amazon and Congo basins, and to a smaller extent, in 544 

the boreal regions. 545 

We can explain Point (1) by the fact that the Tau-Omega model equations are valid to first-546 

order, as discussed above. Moreover, we should not forget that radiative transfer modelling (even 547 

considering first-order or multiple-order scattering effects) is still an approximation as it 548 

corresponds to incoherent modelling, where only the intensity of the radiations is accounted for 549 
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(in contrast to coherent approaches, accounting for both the amplitude and phase of the 550 

microwave radiations, which are more precise but more complex). This latter point may also 551 

provide a partial explanation to the low difference in performance found between the Tau-Omega 552 

and 2S retrievals. 553 

Point (2) can be explained by the fact that, as discussed above, the retrieved value of VOD 554 

using Tau-Omega is effective, and may not be directly comparable with the retrieved value using 555 

2S. The latter value can be considered as more "accurate" and less "effective", as 2S does not 556 

make several simplifications considered Tau-Omega. It is interesting to note that the largest 557 

differences between VOD2S and VODTO were obtained in dense forests (i.e. for high VOD values) 558 

where multiple scattering effects are expected to be most prominent (and where the validity of the 559 

Tau-Omega modelling is the most critical). 560 

Contrary to SM, evaluating the accuracy of the retrieved VOD values at the global scale is 561 

difficult as there is no consensus on the reference values to use at large spatial scales from models 562 

or in-situ data. We used here two main vegetation parameters: MODIS NDVI and above-ground 563 

biomass (AGB) to evaluate the VOD2S and VODTO retrievals. The evaluation was based on a 564 

correlation analysis, in temporal terms for NDVI and spatial terms for biomass. Over low 565 

vegetation types, it has often been considered that VOD and NDVI (and LAI) are strongly 566 

correlated in terms of seasonal dynamics (Wigneron et al., 2017 for a review). Over woody 567 

vegetation, it has often been considered that the yearly values of VOD and vegetation biomass 568 

are strongly correlated (Brandt et al., 2018; Wigneron et al., 2017 for a review). So, even though 569 

the two parameters (NDVI and biomass) we used in the present study are not "reference" data, 570 

they are relatively complementary to evaluate the VOD retrievals as (i) NDVI could be 571 
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considered as more pertinent for low vegetation canopies and (ii) yearly average biomass could 572 

be considered as more pertinent for woody vegetation types. 573 

5. Conclusion 574 

We evaluated in this study the performances of two emission models (Tau-Omega and 2S) in 575 

the SMOS-IC algorithm. We inter-compared the SM retrievals from SMOS-IC against the 576 

ECMWF modelled SM (SMECMWF) and the ISMN ground-based measurements (SMin-situ) for 577 

different vegetation conditions at both global and local scales, while retrieved VOD was 578 

evaluated against the NDVI and AGB vegetation features. The inter-comparison was based on 579 

the correlation coefficient (R), RMSD, Bias and ubRMSD metrics. We present below the main 580 

conclusions that can be drawn from the results: 581 

(i) both SM2S and SMTO products are generally found to be drier than SMECMWF and SMin-situ, 582 

while SM2S is found to be drier than SMTO by ~ 0.015 m3/m3 in average at global scale. 583 

However, the different sampling layers considered for SMECMWF, SMin-situ and for the SMOS 584 

SM retrievals, makes it difficult to accurately evaluate the performance of the retrieved SM 585 

data in terms of Bias (Fernandez-Moran et al., 2017a).  586 

(ii) both SM2S and SMTO have a similar ability to capture the seasonal variations in SMECMWF and 587 

SMin-situ. Specifically, the median R values computed at global scale between both retrieved 588 

SM products (SM2S or SMTO) with SMECMWF are very close (R = 0.63 for both retrieved SM 589 

products); idem for the median correlation between SM2S and SMTO with SMin-situ computed 590 

over all ISMN sites (R = 0.67 for both retrieved SM products). 591 
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(iii) the ubRMSD obtained with SM2S is always lower or similar (for “Evergreen broadleaf forest” 592 

and “Savannas” in Fig. 6) than that obtained with SMTO over all IGBP land cover types 593 

when compared to the reference SM. 594 

(iv) retrieved VOD2S and VODTO have similar (R > 0.95) seasonal variations at global scale 595 

except for tropical forests, and a large Bias (> 0.1) between VOD2S and VODTO was found 596 

over the tropical forest (VOD2S is smaller than VODTO). 597 

(v) the temporal correlation (R) values obtained by comparing VOD2S and NDVI are generally 598 

higher than those obtained by comparing VODTO and NDVI over most tropical areas, 599 

southern Australia, some northern parts of Russia and southern Europe. The spatial 600 

correlation (R) values between retrieved VOD2S or VODTO and the reference datasets 601 

(NDVI: R = 0.66; AGB: R = 0.87 for both retrieved VOD products) are very similar. 602 

As summarized above, retrieved products (SM or VOD) achieved with the Tau-Omega and 603 

2S models are generally very close in terms of temporal or spatial correlations. It is one of the 604 

first times that a study show that at global scale, and as predicted by Kurum (2013), there is a low 605 

difference between retrieval results obtained from the inversion of the Tau-Omega (0th-order 606 

solution of the RT equations) or 2S (1st-order solution of the RT equations) models. However, 607 

and this is a key point mentioned in the introduction, as 2S is more "physical" than Tau-Omega 608 

and thus allows using a unified emission model for different applications (e.g., surface soil 609 

moisture, vegetation optical depth, soil permittivity or snow status) (Derek et al, submitted; 610 

Schwank et al., 2018; Wigneron et al., 2017), 2S appears to be a very interesting option for future 611 

versions of SMOS-IC. The results obtained here with SMOS observations should also be 612 

applicable to other microwave sensors in space, such as the NASA SMAP mission even though 613 

no tests were made here with SMAP observations. It should be noted that even though the 614 
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performances of both TO and 2S are comparable, we highlighted that the retrieved values of 615 

VOD and SM from both models are not quite similar. For instance, VOD values retrieved from 616 

the two models vary a lot over dense vegetation areas, both in terms of magnitude and seasonal 617 

variations (Fig. 7 and Fig. S5). As VOD is used more and more in key applications, for example 618 

in analyzing carbon sinks and emissions (Brandt et al., 2018; Fan et al., 2019b), and in 619 

monitoring vegetation water stress (Konings and Gentine, 2017; Tian et al., 2018) the difference 620 

in the values of  VOD2S and VODTO over dense vegetation may have strong implications. For 621 

instance, a difference in the value of VOD larger than 0.1 over the Amazon study (as revealed in 622 

the present study), represents several billions of tons of carbons stocks. So the difference 623 

obtained in the VOD retrievals between 2S and TO may have a huge importance when 624 

considering applications to the monitoring of the global carbon cycle. Further analyses are 625 

required to identify which product (VOD2S or VODTO) is the most accurate and appropriate for a 626 

range of applications. 627 

 628 

Appendix  629 

SMOS-IC algorithm based on Tau-Omega and Two-Stream 630 

The SMOS-IC2S algorithm is very similar to the “traditional” SMOS-ICTO algorithm 631 

(corresponding to the actual V105 versions), except that 2S is used instead of Tau-Omega to 632 

simulate brightness temperatures ��,��
�,�

. Note that the effects of the atmosphere are neglected in 633 

this study. In the 2-Parameter retrievals of (SMEM, VODEM) carried out with SMOS-ICEM, the 634 

effective scattering albedo  �� is considered as constant according to different land cover types 635 
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(Table 1 in Fernandez-Moran et al. (2017a)). Both SMOS-ICTO and SMOS-IC2S retrievals of SM 636 

and VOD involve the minimization of the following Cost Function (CF): 637 

!"#���� , $��% =
&

'()
*∑ #��,���

�,�� − ��,��
�,�� %�,

-.& + &

'01
*∑ #2343 − 2%�0.�5�67,867�            (1) 638 

where N is the number of observations at different nadir angles �- , ��,���
�,��

 and 9��  are the 639 

measured brightness temperatures obtained from the SMOS-L3 products with associated standard 640 

deviations, ��,��
�,��

 are brightness temperatures simulated with EM = TO or EM = 2S. The second 641 

term in CF is a regularization function including the retrieval parameters 2 = ����� , $��� and 642 

their priori estimates 2343 = :����
343 , $��

343 ;. 643 
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