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The Soil Moisture and Ocean Salinity satellite (SMOS) was launched in November 2009 and started delivering data in January 2010. The commissioning phase

ended in May 2010. Subsequently, the satellite has been in op-eration for over six years while the retrieval algorithms from Level 1 (L1) to Level 2 (L2)

underwent

 

significant

 

evolutions

 

as

 

knowledge

 

improved.

 

Moreover,

 

other

 

approaches

 

for

 

retrieval

 

at

 

L2

 

over

 

land

 

were

 

investigated

 

while

 

Level

 

3

 

(L3)

 

and

 

Level

 

4

 

(L4)

 

were

 

initiated.

 

In

 

this

 

paper,

 

these

 

improvements

 

were

 

assessed

 

by

 

inter-comparisons

 

of

 

the

 

current

 

L2

 

(V620)

 

against

 

the

 

previous

 

version

 

(V551)

and

 

new

 

products

 

(using

 

neural

 

net-works

 

referred

 

to

 

as

 

SMOS-NN)

 

and

 

L3

 

(referred

 

to

 

as

 

SMOS-L3).

 

In

 

addition,

 

a

 

global

 

evaluation

 

of

 

different

 

SMOS

 

soil

 

moisture

 

(SM)

 

products

 

(SMOS-L2,

 

SMOS-L3,

 

and

 

SMOS-NN)

 

was

 

performed

 

comparing

 

products

 

with

 

those

 

of

 

model

 

simulations

 

and

 

other

 

satellites.

 

Finally,

 

all

 

products

 

were

 

evaluated

 

against

 

in

 

situ

 

measure-ments

 

of

 

soil

 

moisture

 

(SM).

 

To

 

achieve

 

such

 

a

 

goal

 

a

 

set

 

of

 

metrics

 

to

 

evaluate

 

different

 

satellite

 

products

 

are

 

suggested.

The

 

study

 

demonstrated

 

that

 

the

 

V620

 

shows

 

a

 

significant

 

improvement

 

(including

 

those

 

at

 

L1

 

improving

 

L2)

 

with

 

respect

 

to

 

the

 

earlier

 

version

 

V551.

 

Results

 

also

 

show

 

that

 

neural network based approaches can often yield excellent results over areas where other products are poor. Finally, global comparison indicates

that

 

SMOS

 

behaves

 

very

 

well

 

when

 

compared

 

to

 

other

 

sensors/approaches

 

and

 

gives

 

consistent

 

results

 

over

 

all

 

sur-faces

 

from

 

very

 

dry

 

(African

 

Sahel,

 

Arizona),

 

to

 

wet

 

(tropical

 

rain

 

forests).

 

RFI

 

(Radio

 

Frequency

 

Interference)

 

is

 

still

 

an

 

issue

 

even

 

though

 

detection

 

has

 

been

 

greatly

 

improved

 

through

 

the

 

significant

 

reduction

 

of

 

RFI

 

sources

 

in

 

several

 

areas

 

of

 

the

 

world.

 

When

 

compared

 

to

 

other

 

satellite

 

products,

 

the

 

analysis

 

shows

 

that

 

SMOS

 

achieves

 

its

 

expected

 

goals

 

and

 

is

 

globally

 

consistent

 

over

 

different

 

eco

 

climate

 

regions

 

from

 

low

 

to

 

high

 

latitudes

 

and

 

throughout

 

the

 

seasons.

1. Introduction

A number of studies have shown that knowledge of soil moisture is

relevant for many applications and research topics, ranging from

climate analysis to weather forecasting as well as from phyto-sanitary

issues towater resourcesmanagement. This is mainly due to the impor-

tance of soil moisture in our environment (see for instance (Robinson

et al., 2008)). Themost obvious role is the need for water by vegetation

and living organisms; vegetation uses water available in the root zone

layer while some insects (locusts for instance) have a life cycle driven

by the moisture in the first few centimeters of the soil. Also of impor-

tance is the role played by the moisture near the surface for soil-

atmosphere interactions through latent heat exchanges, or as a factor

influencing runoff.

As a consequence of these needs many approaches have been

explored to provide soilmoisture on a global scalewith the required fre-

quency and accuracy (Ochsner et al., 2013). From such studies the use of

passive microwaves at L-band seems the most promising, even though

other approaches including higher frequencies and active systems

have shown good potentials (Kerr, 2007). Space borne passive micro-

waves are limited in spatial resolution, in particular at low frequencies
⁎ Corresponding author at: 18 Avenue Edouard Belin, 31401 Toulouse, Cedex 9, France.
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1



(Kerr, 2007). Hence, one of the lingering issues is how to ascertain re-

trieval quality (i.e. how ground measurements or model outputs can

be used to assess the quality of the satellite retrievals), as there are

neither exactmeasurements nor representative sites for all surface con-

ditions and types of the earth (Famiglietti et al., 1999).

The challenge of validating satellite soil moisture retrievals is not

new and several attempts have been made by accumulating a large

number of single point measurements over large regions. The United

States Department of Agriculture (USDA) Soil Climate Analysis Network

(SCAN) across the USA (Schaefer, Cosh, & Jackson, 2007), and databases

of the International Soil Moisture Network (ISMN) (Dorigo et al., 2011),

initiated by the Soil Moisture andOcean Salinity (SMOS) project for val-

idating SMOS data, hereafter referred to as sparse networks, are exam-

ples in this direction. Another approach aims to establish networks

withmultiple sensors distributed over regions of 20–40 km, comparable

to the resolution of the space borne remote sensing estimates. These

types of networks, referred to hereafter as dense networks, were first

established in theUSA byUSDA (Jackson et al., 2010), and then duplicat-

ed in several places including HOBE in Denmark (Bircher, Skou, Jensen,

Walker, & Rasmussen, 2012c), OzNet in Australia (Smith et al., 2012),

the Upper Danube Basin in Germany (Montzka et al., 2013; dall'Amico

et al., 2013; Rotzer et al., 2014), the Valencia Anchor Station (Lopez-

Baeza et al., 2010), and REMEDHUS in Spain (Sanchez, Martinez-

Fernandez, Scaini, & Perez-Gutierrez, 2012), to name but a few.

The SMOSmission (Kerr et al., 2001; Kerr et al., 2010) is thefirstmis-

sion designed for and dedicated to soil moisture and ocean salinity re-

trieval. As a consequence, there is an evident need to determine the

quality of its geophysical products from L2 (Swath Mode Surface Soil

Moisture) (Kerr, Waldteufel, Richaume, Ferrazzoli, & Wigneron, 2014;

Kerr et al., 2012) to L3 (multi-orbit retrievals computed natively from

L1 data in an equal area (EASE) grid) and L4 (e.g. surface to root zone es-

timates). The objective of this activity is not only to estimate the retriev-

al accuracy, but also to ascertain any limitations in the methodology.

After six years in orbit, SMOS has undergone extensive validation to

assess the accuracy of its soil moisture products as a function of bi-

omes and perturbing factors (water bodies, dense vegetation effects,

radio frequency interferences), as well as to benchmark it against

other satellite soil moisture products. The goal of this paper is to de-

scribe the validation approach used and assess the different datasets.

The investigation builds on previous studies by expanding the vali-

dation, and examines new options and products.

2. Rationale and caveats

Validation of soil moisture from space is a challenging task and

immediately raises a number of questions, including: 1) what is the

depth at which the soil moisture is being observed, 2) how to account

for the spatial mismatch between the satellite observations and the

ground measurements, 3) how to account for perturbing factors, and

4) how to best inter-compare results.

It is not our intention here to analyze either the contributing depth

or how to relate point measurements to satellite estimates, as the sub-

ject is vast and has been covered already, though probably not exhaus-

tively (Bindlish & Barros, 2002; Famiglietti et al., 1999; Nicolai-Shaw,

Hirschi, Mittelbach, & Seneviratne, 2015; Rondinelli et al., 2015). Our in-

tention here is to evaluate the SMOS products and benchmark them

using metrics described here. However, it seems useful to recall a few

basic principles as some a priori misconceptions or wrong assumptions

are often made when validating satellite data.

2.1. Ground measurements

Ground measurements are very often labeled as “ground truth”,

which is misleading as they have their inherent errors and are not nec-

essarily always representative of larger areas. Errors are linked to the

measurements themselves as with any instrument, but also with their

calibration as the manufacturer values are not always adequate, requir-

ing users to establish their own calibration curves (Rüdiger et al., 2010;

Bircher et al., 2014a).Moreover, the soil type is not always standard and

the response can be significantly different for various types (Bircher

et al., 2014b). Also, the volume sampled by the probe is not necessarily

for the expected thickness layer (Rondinelli et al., 2015) and the soil air

can have an important impact. A typical probe placed at 5 cm below the

surface will for instance give a weighted value corresponding to a vol-

ume of soil with a diameter of several cm depending on both the soil

type and the probe type (typically 5 cm see (Vaz, Jones, Meding, &

Tuller, 2013)). Moreover, some probes are placed vertically and others

horizontally. If there is an air-soil interface in the volume, it will also af-

fect the results. Last but not least, the location of the probe is crucial and

may not always be optimal. Some are close to automatic weather sta-

tions or on field borders whichmay not correspond to the area of inter-

est. Some are left in one place for a long timewhere the soil compaction,

erosion, or even tunnels made by rodents and earthworms can degrade

the quality of the measurements.

To overcome some of the issues described earlier three main ap-

proaches have been considered. The first one is to take a large network

and filter out the anomalous/malfunctioning sites in order to improve

the overall statistical representativeness (Al Bitar et al., 2012; Schaefer

et al., 2007). The second approach consists of placing several probes

over a unit (hydrological for instance) to analyze their temporal behav-

ior, and then to establish which probe is the most representative (e.g.

the one closest to themean value of all with the smallest standard devi-

ation) or, alternatively, find a weighting of all the probes that gives the

most representative value. Typical examples are the USDA watersheds

(Jackson et al., 2010). The limitation here is the difficulty in choosing

the best metric to use in selecting the most representative sites at a

given spatial scale. Finally, another option is to place theprobes at places

representative of all the soil and land use possibilities for the given area

(Bircher, Balling, Skou and Kerr, 2012). This last method is the most

complex, and hence requiring more care to implement, but yields the

most satisfying results (Bircher, Skou, & Kerr, 2013).

2.2. Model outputs

The major advantage of using model simulations for validation is

that they can be readily computed on spatial scales commensurate

with satellite measurements. Depending on the required resolution,

they can be also available everywhere. The caveats are that the depths

of the different layers of the model are not always compatible with

the satellite probing depths and that obviously, models have their

own sources of error (surface soil moisture is quite often a “nudging”

factor compensating for model differences with reality), which is typi-

cally the case for land surface models inside a numerical weather pre-

diction system. A good example can be seen in the deserts which are

often quite “wet” in some model simulations see example later in text

and on figure Fig. 14).

2.3. Satellite data

Some of the first issues to address with respect to the use of satellite

data for validation are spatial resolution and sampling. Spatial resolu-

tion is directly linked to the physical characteristics of the sensor

(antenna size and frequency, altitude and view angle) and is usually

characterized by the −3 dB antenna power pattern width (HPBW,

Half Power Beam Width). The area within the HPBW provides – for a

Gaussian pattern – 50% of the total energy received by the sensor in

themain beam. Though, this figuremay vary depending on antenna de-

sign. To give a concrete example, for SMOS, the average-3 dB foot print

size is 43 km, but it ranges froma sub satellite circular 27 km footprint to

elliptic shapes having a major axis of over 70 km at 60° incidence angle.

Over land, themaximum size kept in the L2 and 3 products is for elliptic

footprintswith an aspect ratio of b1.5 and a surface area less than that of
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an equivalent 55 km disk diameter. However, this corresponds only to

the areas contributing around 50% of the signal in the main beam. To

perform retrievals a 123 × 123 km square is considered containing all

the areas contributing 99.5% of the signal measured by the radiometer.

It is also worth mentioning that due to the elliptic shape of the −3 dB

foot print two sequential acquisitions of the same target can have

ellipses oriented quite differently and thus not covering the same area.

Such a feature is however dampened by the fact that a much larger

area is integrated through the antenna pattern. Finally, the integration

will also introduce a smearing effect as during the sensor's integration

time the satellite moves and/or the antenna spins.

In addition, it is important to distinguish the resolution discussed

above with sampling and grid spacing. For a total flux radiometer

(such as the AdvancedMicrowave Scanning Radiometer (AMSR) for in-

stance) integrations can be done with a sampling step smaller than the

actual resolution of the instrument (either between two scans or from

one integration type to the next). After processing, the data can be res-

tituted on a grid with sampling distance (node spacing) smaller than

the actual resolution of the instrument (Gevaert, Parinussa, Renzullo,

van Dijk, & de Jeu, 2016). As a consequence, soil moisture estimations

for two adjacent points are not independent. For instance, the −3 dB

resolution of SMOS is 43 km on average while some products are pro-

vided in gridswith a spatial resolution of 15 or 25 km. As a consequence,

one must be aware that the resolution should not be mistaken for the

sampling or grid spacing.

Another common mistake is to take the time of the overpass as the

equator crossing time (6 am/6 pm for current L-band missions). This

is obviously not true as the satellite covers 12 h of local solar time

between two equator crossings, and hence the higher the latitude the

more drastic the solar time difference with 6 is. So one should use

the actual local solar time or the Universal Time (UT) provided with

the data. Also note that between the two extremities of the swath, the

local solar time may vary up to half an hour at the equator for SMOS

or Soil Moisture Active and Passive (SMAP) satellites. Table 1 summa-

rises the characteristics of the different satellites / sensors used in this

study to show their differences and commonalities.

2.4. Retrieval algorithms and validation issues

The overarching goal is to evaluate satellite soil moisture products,

but also to assess their validity range. For this task, one should be

aware of the different types of algorithms as they impact the validation

approach and the validity range. One may define three general catego-

ries of algorithms: i) those which operate on a node-per-node basis

(i.e., a law is defined for each grid-node as in the change detection algo-

rithms), ii) global empirical models based on an empirical law obtained

over a “training” set, but applied globally, and iii) grid-node global

models, based on a radiative transfer approach, which are generic and

applied globally.

The node-per-node approach (category (i)) relies on a fit between

ground data and satellite estimates over a given period of time for

each grid-node to establish an empirical relationship which is then ap-

plied to the whole dataset for the corresponding grid-node. This is gen-

erally the case for change detection algorithms. Generally, the references

used for the fit are model outputs, and ground measurements can be

used in addition when available. This method, although straightforward

and easy to implement, has a drawback that it is mimicking the model

used, and when ground data are also used, it biases the evaluation. The

approach will give good results when compared to themodel or ground

measurements used in the training but, otherwise, cannot be guaran-

teed to work at other locations. Consequently, it may also give strange

results in areas where the training set is non-existent or subject to

errors.

Global empirical algorithms (category (ii)) use either an empirical

approach, which is applied globally, or per biome type. The empirical

law can be based on simple parametric physical laws (Al-Yaari et al.,

submitted for publication) or purely mathematical parametric models

such as neural networks (Rodriguez-Fernandez et al., 2015). Caveats

on this approach are linked to the training dataset used to determine

the free parameters of the empirical relation (as above). However,

when the empirical relation is global and has not been obtained in a

point by point basis, it can be more rigorously validated because the

training and the validation datasets can be completely distinct (data

from sites that will be used for the validation can be completely exclud-

ed from the training dataset).

Finally, the radiative transfermodel approach (category (iii)) has the

advantage of being more robust and more likely to evolve as research

progresses, since poor results can lead to model improvements, and

the models are generally physically based, rather than empirical.

Caveats include that the models are sometimes limited (for instance in

the case of wet snow) and/or require sophisticated pieces of informa-

tion in auxiliary files that are not always available, and thus have to be

replaced by “proxies”.

2.5. Suggested metrics and validation approaches

Given that satellite soil moisture validation is challenging and has a

number of unresolved key points, different approaches are suggested

below that can be used to assess the quality of the retrieved soil mois-

ture products. Two complementary approaches have been used to

attain the required data for the validation of soil moisture products re-

trieved from satellite observations, and together, they constitute the

core of SMOS validation: 1) short-term airborne campaigns with in-

tense ground sampling, and 2) soil moisture networks. Via the airborne

measurements with a footprint of a few kilometers, the first method of-

fers the advantage of stepwise validation across spatial scales, as well as

direct comparison at brightness temperature level. The second method

allows long-term monitoring at high temporal resolution. All of these

features are relevant for the assessment of a parameter that is highly

Table 1

Microwave satellite specifications, showing the spatial resolution (−3 dB footprint), sampling, incidence angles and sensitivity of the instruments used in this study.

Satellite/Sensor/Frequency 3 dB foot print Sampling Angles Sensitivity

AQUA/AMSR-E/6.925 GHz 74 × 43 km 10 km 55° 0.3 K

AQUA/AMSR-E/10.65 GHz 51 × 30 km 10 km 55° 0.6 K

AQUA/AMSR-E/18.7 GHz 27 × 16 km 10 km 55° 0.6 K

SMOS/SMOS/1.4 GHz 43 km (average over FOV) 15 km (L2)

25 km (SMOS-L3 CATDS)

0°–60° 3.5 K (single snapshot; 0.5 K

for a multi-angular pixel)

SAC-D/Aquarius/1.4 GHz 94 × 76 km

120 × 84 km

156 × 96 km

1° 29.36°, 38.49°, 46.29° 0.09 K

GCOM-W/AMSR2/6.925 GHz 61 × 35 km 10 km 55° 0.3 K

GCOM-W/AMSR2/7.3 GHz 61 × 35 km 10 km 55° 0.3 K

GCOM-W/AMSR2/10.65 GHz 41 × 24 km 10 km 55° 0.6 K

GCOM-W/AMSR2/18.7 GHz 22 × 13 km 10 km 55° 0.6 K

SMAP/radiometer/1.4 GHz 47 × 51 km 36 × 36 km 40° 1.3 K
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variable in both space and time, and across scales. Basically, the metrics

have to be adapted to the types of measurements used as references.

However, very often, the accuracy of the reference measurements is

not accounted for, neglecting the fact that ground/in situmeasurements

have their own imperfections.

2.5.1. Metrics for site based validation (dense networks)

In the present study, wewill consider a set of sites, generally accept-

ed with respect to the quality of the ground measurements and their

representativeness, and compare their measurements to the satellite

estimates. As much as possible, the selected sites represent themain bi-

omes where soil moisture is retrieved. In order to make sure that vari-

ous aspects of the signal are evaluated properly, metrics and statistical

criteriawere obtained in severalways. Thefirst aspect to look at consists

of general statistics over time (correlation coefficient (R), bias (B), Root

Mean Square Error (RMSE), Standard Deviation (STD)) or standard

deviation of the differences between the two series (STDE, Standard De-

viation of the Error) or, as it is often called, unbiased RMSE (ubRMSE).

The STDE terminology used in this paper, corresponds to a direct esti-

mate, and can be defined as follows:

STDE ¼ sqrt variance TimeSeries1−TimeSeries2ð Þð Þ: ð1Þ

The statistical criteria as well as triple collocation analysis will be

used in this paper. The presentation of the results will be given

both in numerical form and Taylor diagrams (Taylor, 2001) or scatter

plots. We also consider temporal evolution, as for some applications

(hydrology for instance) dry-downs or wet/dry cycles have to be

well represented. Finally, it is useful to compare cumulative distribution

plots in order to analyze the similarities and differences between

ground measurements and satellite observations, especially when the

distributions are not linearly related (in the latter case the traditional

metrics (B, STDE, R) might be misleading).

2.5.2. Use of sparse networks

The sparse in situ networks have the advantage of covering large

areas, but at the cost of reduced quality and/or representativeness.

Often the data have to be thoroughly quality checked and filtered before

use, as it is not always done. Sometimes the temporal coverage is limit-

ed and/or includes gaps. Nevertheless, some sites are very useful for the

extent and range of biomes/climates they offer. These sparse networks

cannot be compared to dense networks without representation issues

being addressed. Hence, only statistical criteria over a large number of

sparse in situ networks can be considered. The available sparse net-

works are SCAN, SNOw TELemetry (SNOTEL), Atmospheric Radiation

Measurement (ARM), OzNet (see Section 3.2) to name but a few

amongst the largest available (see Table 2). Also note that OzNet is

both a dense network for some clusters, and a sparse one. Sparse net-

works have been gathered for ease of use into the ISMN (Dorigo et al.,

2011), though with sometimes limited temporal ranges. As many re-

trieval schemes are trained on these well-known databases (especially

algorithms from category (i)), the node-per-node type, to extend as

much as possible the validity range), it is useful to find for comparison

or validation exercises sites that do not belong to any of these sparse

networks or catalogue of networks.

2.5.3. Model outputs

In order to assess the quality of soil moisture data at a global scale

and to identify areaswhere retrievals differ in terms of quality/accuracy,

it is customary to compare different satellite datasets and/ormodel out-

puts together. The idea is not to use the model data as the “truth” since

they are as complex as satellite datasets to validate, andmay not reflect

the true local conditions. However, the limitations of some model data

are sufficiently known by users of the numerical weather prediction

(NWP) community, and offer a unique tool to compare satellite data

against each other at the global scale. A great advantage is that NWP

models are also global datasets, in contrast to in situ measurements. The

importantpoint is thatmodel data only allowchecking consistencyor gen-

eral features, and not validation, and are only used as such in this paper.

3. Data Used

3.1. Dense networks

3.1.1. Watersheds

Four watersheds located in the United States were selected for this

study: Little River (LR) in Georgia, Little Washita (LW) in Oklahoma,

Walnut Gulch (WG) in Arizona, and Reynolds Creek (RC) in Idaho.

They are all managed by the United States Department of Agriculture

(USDA) Agricultural Research Service (ARS) and provide the benefit of

a dense instrumental network set on each of thewatersheds where sur-

face soil moisture and temperature sensors (5 cm depth) have been ac-

quiring data on an (at least) hourly basis since 2002. Comparisons can

be made between the closest in situ measurement in time (average

value of the different sensors) and the nearest satellite retrieval to the

watershed center. As in (Jackson et al., 2012; Jackson et al., 2010;

Leroux et al., 2014), the average in situ value is supposed to represent

the size of the SMOS footprint. These four watersheds were also selected

for their wide variety of soil types, crop types, and climates. LR is the

most humid site with an annual precipitation amount of 1200 mm,

mostly covered by row crops and forests. At the other extreme, WG

is the driest site with 350 mm of rain (annual average), and is cov-

ered by shrub land used for range activities. With a sub-humid cli-

mate, the LW watershed is mostly used for range and agricultural

activities with wheat crops and grass covers. Finally, RC is located

in a mountainous area and thus represents a challenging site when

compared to satellite observations. Its climate is classified as semiarid,

but frozen soils are very frequent in winter, adding another difficulty

to the comparison. Additional descriptions of the watersheds can be

found in (Jackson et al., 2010).

3.1.2. HOBE

The study site of the Danish Hydrological OBsErvatory (HOBE,

www.hobe.dk) is situated in the Skjern River Catchment. Nearly

80% of this region is under intensive cultivation, intermixed with

patches of spruce forest (∼10%), as well as heath/grassland (∼6%),

and the majority of soils are very sandy (75%–100% sand). SMOS

DGG node 2002029 (55.957 N/9.131E) and the surrounding area of

the major signal contribution (44 km × 44 km) was selected for in-

tensive validation campaigns of the SMOS L1C Brightness Tempera-

ture (TB), L2 Soil Moisture, as well as auxiliary data products

(Bircher, Balling, Skou and Kerr, 2012; Bircher, Merlin, Andreasen,

Table 2

Main characteristics of the SparseNetworks used in this study. The twonumbers following

the network depth are the upper and lower depths sampled by the sensor inmeters. For a

sensor installed horizontally the two numbers are the same. Note that the watersheds are

included for reference though they are dense networks. Geographical locations are shown

on Fig. 1.

Network name and sampling depth

(m)

Number of sites Average number of

points

AMMA-0.05-0.05 6 94.3

ARM-0.025-0.025 18 115.1

ARM-0.05-0.05 21 118.0

DAHRA-0.05-0.05 1 189.0

OZNET-0.00-0.05 13 54.4

OZNET-0.00-0.08 8 69.5

PBO-H2O-0.00-0.05 15 72.4

SCAN-0.05-0.05 128 133.5

SNOTEL-0.05-0.05 191 111.1

USCRN-0.05-0.05 72 146.4

Watershed LR-0.05-0.05 1 221.0

Watershed LW-0.05-0.05 1 234.0

Watershed WG-0.05-0.05 1 214.0
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Andreasen, Sonnenborg, Jensen, Kerr and IEEE, 2012b; Bircher et al.,

2013). This SMOS “grid-node” is representative of the land surface condi-

tions of the catchment and exhibits minimal impact from open water.

During fall 2009, a soil moisture and soil temperature network with

30 stations was installed within the grid-node, arranged along the

long-term precipitation gradient and with a distribution of the stations

made in agreementwith the respective fractions of classes representing

the prevailing environmental conditions, in order to obtain a represen-

tative in situ soil moisture average at SMOS spatial scale (Bircher,

Balling, Skou and Kerr, 2012).

3.1.3. AMMA-CATCH

Three soil moisture sites, located in Mali, Niger, and Benin in West

Africa, were installed in 2005–2006 and belong to the African Monsoon

Multidisciplinary Analyses — Couplage de l'Atmosphère Tropicale et du

Cycle Hydrologique (AMMA-CATCH) observatory (www.amma-catch.

org; Lafore et al., 2010). The Niger and Benin sites are still operational

today. The Niger site is a typical Sahelian rain fed cultivated area and

is located about 50 kmEast of Niamey (13.645° N–2.632° E). The annual

rainfall amount ranges from300 to 600mmfromyear to year. TheNiger

site is mainly tiger bush on the plateaus and fallow savannah and pearl

millet crop fields on the sandy slopes (Louvet et al., 2015). Five

soil moisture stations within a 0.25° area provide soil moisture mea-

surements representative of different land covers from the near surface

(at 5 cm depth, 6 sensors) to 1.5 m. The Benin site is located 400 km

south of the Niger site, in a Soudanian climate. The observed annual

rainfall is about 1200mm.Most of the ground-based instruments are lo-

cated in theNorth-West part of the Ouémé catchment (9.745° N–1.653°

E). Nine surface soil moisture sensors (0-5 cm) within a 0.25° area are

averaged in order to be representative of the soil moisture at the

0.25° × 0.25° scale. With more water available, the vegetation is signif-

icantly denser than at the Niger site and woody savannah and tropical

forest vegetation is typical of this site.

3.2. Sparse networks

The SCAN network of the U.S. Department of Agriculture (Schaefer

et al., 2007) has been widely used to evaluate modeled soil moisture

products as well as soil moisture retrievals from remotely sensed data

(ASCAT, SMOS, etc.), including monthly estimates using Neural Net-

works (NN) retrievals. In this study, the SCAN data were obtained

from ISMN. As L-band radiation is emitted by the first few centimeters

of the soil, the soil moisture products were compared to in situ soil

moisture measurements in the 0–5-cm depth range.

TheU.S. Climate ReferenceNetwork (USCRN) is a network of climate

monitoring stations with sites across the U.S.A., managed and main-

tained by the National Oceanic and Atmospheric Administration

(NOAA). The sensors used in this study are horizontally installed at

5 cm (Bell et al., 2013).

DAHRA is one station in Senegal (Tagesson, Fensholt, Guiro, et al.,

2014). The sensors sampling horizontally the 5 cm depth were used in

this study.

ARM is run by the U.S. Department of Energy as part of the Atmo-

spheric Radiation Measurement Climate Research Facility. Here, the

sensors sampling horizontally the 2.5 cm (ARM-0.025-0.025) and the

5 cm soil depth (ARM-0.05-0.05) were used.

PBO-H2O is a network that was originally developed to evaluate the

use of GPS reflection data to measure soil moisture (Larson et al., 2008).

It contains 109 stations and the sensors sampling the0–5 cmsurface soil

layer were used.

SNOTEL is a networkwith a large number of stations (420) operated

by the Natural Resources Conservation Service (NRCS) of the USDA

(Leavesley et al., 2010). The sensors sampling horizontally the 5 cm

soil depth were used in the current study.

OzNet is a network established in SE Australia in the Murrum-

bidgee river catchment (Murray-Darling basin) (Smith et al., 2012).

Two sets of measurements are available: 18 stations provide SM inte-

grated over the 0–8 cm soil layer (Campbell Scientific water content re-

flectometers put in the soil at an angle) – it is actually a “sparse

network”) and 20 stations over the 0–5 cm soil layer (Stevens Hydra

Probe – “dense network”).

Fig. 1 shows the in situ sites used in this study. Networks including a

large number of sites are available in the USA (SCAN for instance with

over 200 sites) and Australia (40 sites within 60 km in OzNet). Other

available sites cover a large range of climates from arid to tropical

humid (see also Table 2).

Fig. 1. Spatial distribution of the main in situ validation sites of the SMOS project used in this study. The selected watersheds and SCAN sites are indicated on the left hand side.
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3.3. Models

3.3.1. Reanalysis: modern era-retrospective analysis for research and

applications (MERRA)

MERRA-Land is an enhanced product from the hydrological fields in

the NASA atmospheric reanalysis (Reichle et al., 2011). The enhance-

ments in MERRA-Land include (Reichle et al., 2011): the precipitation

forcing was improved by merging MERRA precipitation with a gauge-

based data product from the NOAA Climate Prediction Center and the

catchment land surface model was updated by using the “Fortuna-2.5”

version instead of the “MERRA” version. Reichle et al. (2011) have eval-

uated these two changes and found that the model's quality was im-

proved in various ways. The MERRA-Land products (Reichle, 2012):

(1) can be freely obtained from the Goddard Earth Sciences (GES)

Data and Information Services Center (DISC), online on http://disc.sci.

gsfc.nasa.gov/mdisc/, (2) cover the 1979-present period and are provid-

ed as hourly averages, (3) are described as a simulation product with no

assimilation of soil moisture, and (4) are provided with a horizontal

resolution of 1/2° latitude by 2/3° longitude and represent a soil layer

of 2 cm. Surface soil temperature information was provided with

MERRA-Land and was used to filter frozen soil conditions.

3.3.2. Forecasts: European Centre for Medium-range Weather Forecast

(ECMWF)

Soil moisture data were extracted from the 3-hourly ECMWF fore-

cast system (IFS) SWVL1 parameter (top 0–7 cm soil layer). Since the

end of the SMOS commissioning phase (May 2010), eight upgrades of

the IFS from cycle 36r2 to the current cycle 41r1 were performed.

With regard to soil moisture, the cycle 36r4 (2010/11/09) has seen

the most significant changes to the soil moisture time series as it is di-

rectly affected by the introduction of i) a Simplified Extended Kalman

Filter (SEKF) for the global operational soil moisture analysis (Balsamo

et al., 2009; de Rosnay et al., 2012), ii) a new snow analysis based on

NESDIS snow cover data at 4-km resolution (Dutra et al., 2010), and

iii) a monthly varying climatology of leaf area index (LAI) based on

MODIS data (Boussetta, Balsamo, Beljaars, Kral, & Jarlan, 2013). There-

fore, in this paper, only data after 9 November 2010 were used to com-

pute quality metrics. The other cycle's upgrades are more related to the

atmosphere, ocean or technical changes with less impact on the surface

soil moisture forecasts.

The original ECMWF data are provided at the NR400 reduced

Gaussian grid (0.225° at the equator) and were bi-linearly interpolated

in space to the SMOS L2 grid (ISEA 4H9) or L3 grid (EASE, 25 km), and

temporally interpolated to match the time of SMOS overpasses.

3.4. Satellite data

3.4.1. ASCAT

The Advanced Scatterometer (ASCAT) is an activemicrowave sensor

that was launched in October 2006, following the European Remote-

Sensing Satellites 1 and 2 (ERS-1 and -2), onboard the Meteorological

Operational Platforms METOP–A and METOP–B (since 2012) (Bartalis

et al., 2008; Wagner et al., 2013). The METOP-A platform has a sun-

synchronous orbit crossing the equator at 09:30 and 21:30 local solar

time for descending and ascending orbits, respectively. The ASCAT

instrument operates at C-band (5.3 GHz, wavelength = 5.7 cm) in

VV (vertical transmitting, vertical receiving) polarization and is a

scatterometer systemwith a low spatial resolution (25–50 km). Surface

soil moisture is retrieved from ASCAT backscatter measurements at the

Vienna University of Technology (TU-Wien) using a change detection

algorithm. The change detection algorithm was first introduced by

(Wagner, Lemoine, & Rott, 1999) and later improved by (Naeimi,

Scipal, Bartalis, Hasenauer, &Wagner, 2009). The change detection algo-

rithm computes a surface soil moisture index based on scaling the back-

scatter measurements between the highest (100% saturation) and the

lowest (0% driest) measured values (Wagner et al., 2013) in a unit of

degree of saturation. In this study, the ASCAT soil moisture index was

multiplied by the soil porosity, using the texture characteristics of the

Harmonized World Soil Database (FAO et al., 2009), to convert it to

volumetric data (m3/m3) as prescribed by the ASCAT team. Finally, the

ASCAT soil moisture products are generated using the soil Water Re-

trieval Package (WARP) software. In this study, the ASCAT version

WARP 5.5 was used.

3.4.2. 3.4.2. AMSR

The AMSR instruments are a series of conically scanning passive

microwave radiometers, with a direct heritage to Special Sensor Micro-

wave/Imager (SSM/I), and built by the Japan Aerospace Exploration

Agency (JAXA). The first two radiometers were operated on ADEOS-2

which only operated for about 10 months due to a solar panel failure,

and National Aeronautics and Space Administration (NASA) Aqua's

AMSR-E, which was fully operational from May 2002 to October

2011. Currently, a new and improved version of the AMSR-E series

(AMSR2) has been flown on board the Global Change Observation

Mission 1–Water satellite (GCOM–W1) since May 2012 (Kim, Liu,

Johnson, Parinussa, & Sharma, 2015).

3.4.2.1. AMSR-E. The AMSR-E sensor was launched byNASA inMay 2002

onboard the Aqua satellite. Full operations were stopped in October

2011 due to a problem with the rotation of its antenna. The Aqua satel-

lite is in a sun-synchronous orbit, with descending overpass time

around 01:30 and ascending overpass time around 13:30 h (local

time) at the equator (Demarest, Good, & Rand, 2001; JAXA, 2006). The

AMSR-E sensor observes TB at both horizontal and vertical polariza-

tions, at six frequencies: 6.9 (C-band), 10.65 (X-band), 18.7 (Ku-

band), 23.8 (K-band), 36.5 (Ka-band), and 89GHz (W-band), at a single

incidence angle of 55°, and with spatial resolutions of 56 km (6.9 and

10.65 GHz), 25 km (18.7 and 23.8 GHz), 15 km (36.5 GHz), and 5 km

(89 GHz) (JAXA, 2006). For further details on this mission, the reader

is referred to the website of NASA: http://www.ghcc.msfc.nasa.gov/

AMSR/index.html.

Since the launch of AMSR-E, several algorithms were developed in

order to retrieve soil moisture from its TB observations: (i) the National

Snow and Data Centre (NSIDC) algorithm (Njoku, Jackson, Lakshmi,

Chan, & Nghiem, 2003), (ii) the Vrije Universiteit Amsterdam (VUA) al-

gorithm in cooperationwithNASA (VUA-NASA) (Owe, de Jeu, &Walker,

2001); (iii) the Japan Aerospace Exploration Agency (JAXA) algorithm

(Koike et al., 2004). The VUA-NASA algorithm evolved into the Land

Parameter Retrieval Model (LPRM; Owe, de Jeu, & Holmes, 2008; Owe

et al., 2001)) to retrieve soil moisture from the TB acquisitions from

AMSR-E at C- andX-band. The LPRMalgorithmsimultaneously retrieves

both vegetation optical depth and soil moisture using an iterative opti-

mization technique. In LPRM, surface temperature is computed from the

Ka-band frequency and the vegetation optical depth is retrieved using

the Microwave Polarization Difference Index (MPDI) (Chung et al.,

2013). The soil moisture product used in this paper is the LPRM dataset

for descending overpasses using only C-band brightness temperatures,

for which the data are considered to be more stable (Owe et al., 2008).

3.4.2.2. AMSR2. On May 18th 2012, JAXA launched the AMSR2 onboard

the GCOM–W1 satellite (Imaoka et al., 2010; Kim et al., 2015) providing

complete coverage of the Earth in 2 days. AMSR2 follows on the heritage

of the NASA AMSR-E mission and continues observing TB in both verti-

cal and horizontal polarizations. Several enhancements were intro-

duced to AMSR2 (Imaoka et al., 2010; Kim et al., 2015) such as an

improved thermal design for the high temperature noise source, a bet-

ter spatial resolution due to a larger main reflector with a 2m diameter,

and a new dual polarization channel at 7.3 GHz, to mitigate RFI.

Soil moisture is retrieved from the AMSR2 X-band (10.6 GHz) TB

using a radiative transfer model (Mo, Choudhury, Schmugge, Wang, &

Jackson, 1982) and implementing the JAXA algorithm (Fujii, Koike, &

Imaoka, 2009). Polarization index (PI) and index of soil wetness are
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computed to retrieve soil moisture and vegetationwater content simul-

taneously using a lookup table technique as inverse analysis tables.

AMSR2 started providing soil moisture on July 3, 2012, which can be

obtained online from the JAXA Earth Observation Research Center

(EORC) on https://gcom-w1.jaxa.jp/. AMSR2 provides soil moisture

in both swath (L2) and gridded datasets (L3) at 10 km and 25 km res-

olution. The AMSR2 L3 soil moisture product is provided with a unit

of m3/m3 (volumetric water content) for daily andmonthly temporal

scales for both the ascending (13:30 local time) and descending

(01:30 local time) orbits. In this study, the daily soil moisture products

(descending overpass) with a grid sampling of 25 km were used. A full

overview of the similarities/differences between the JAXA and LPRM

algorithms can be found in (Kim et al., 2015).

3.4.3. 3.4.3. SMOS

The SMOS mission is an European Space Agency (ESA) led mission

with contributions from CNES (Centre National d'Etudes Spatiales,

France) and CDTI (Centro Para el Desarrollo Tecnológico Industrial,

Spain). The primary goals of this Earth Explorer mission are to measure

globally and frequently the surface soil moisture over land and sea sur-

face salinity over the oceans (Kerr et al., 2001). The mission relies on a

novel instrument design, a two dimensional interferometric instrument

operating at L-band (21 cm, 1.4 GHz). As a true Earth Explorer, the mis-

sion relies on an instrument never used in space for such purposes, to

directly measure directly three variables for the first time (ocean salin-

ity (OS) and SM/vegetation optical depth) with a high accuracy. These

challenges were met soon after launch with the production of the first

global OS and SM fields as well as new products (Mecklenburg et al.,

2016-in this issue). Over land, the first challenge was to obtain surface

soil moisture fields that fulfilled the requirements (e.g., 0.04 m3/m3

over non forested areas of medium to low topography without snow

of frozen soils at least twice (am and pm) in b3 days). Thanks to prog-

ress made in image reconstruction techniques, the operational retrieval

algorithm (Kerr et al., 2012) was also improved, as described below.

Moreover, new retrieval techniques such as simplified approaches or

neural networks were tested with very satisfactory results as is de-

scribed below.

3.4.3.1. Level 2 soil moisture. The L2 soil moisture algorithm is based on

the L-band Microwave Emission of the Biosphere (L-MEB) radiative

transfer model (Wigneron et al., 2007). The approach is to retrieve

surface characteristics by minimizing the difference between radia-

tive transfer estimates of the TB and actual satellite measurements.

The approach relies heavily on the multi-angular measurements

available to compensate for the relatively poor radiometric sensitiv-

ity of the sensor and to separate the vegetation contribution from the

surface contribution. The approach is described in the SMOS Algo-

rithm Theoretical Basis Document (ATBD) (Kerr et al., 2014). Since

the general characteristics of the retrieval scheme have been de-

scribed in (Kerr et al., 2012), we will only expand on the changes as-

sociated toV620, which is the current version processed by ESA in the

operational center. These modifications are included in the latest

version of the ATBD (available from CESBIO www.cesbio.ups-tlse.

fr/SMOS_blog/ and ARRAY www.array.ca/smos).

Above all, version 620 differs from the previous V551 by the large

improvements in the L1 which include correction of a mistake in the

cross-polarization computations, better calibration (Martin-neira et al.,

2016-in this issue), and improved RFI detection (Oliva et al., 2016-in

this issue) among other things.

For the L2 product, onemay note that the current files (the files con-

taining the retrievals results from previous orbits for vegetation opacity,

surface roughness and RFI to constrain the current orbit retrievals) are

now (i) built separately for the ascending and descending orbits and

(ii) with an enhanced data quality control. Only the retrieved opacity

and roughness which are obtained from TB profiles having at least 20°

of incidence angles range and improved chi square (goodness of fit)

are retained to update the current files content. These changes allow

for the diurnal variations of vegetation water content which may

occur between ~6 am and ~6 pm. This led to slightly increasing the va-

lidity period of these current files. The forest modeling has also under-

gone significant improvements and now provides more realistic

values of forest opacity and inmany cases enables retrieval of soil mois-

ture below forest canopies (Vittucci et al., 2016-in this issue). Other

technical aspects involving RFI screening, improvement of the existing

retrieval post-uncertainty (DQX which carries over the uncertainties

from the observation system to the parameter space through the in-

verse of the linear tangent model (Jacobian) at the retrieved solution;

see (Tarantola, 2004)), model regularization around SM = 0 (Mialon

et al., 2015) are part of this new version 620. Finally some auxiliary

data files were updated. The soil texture map is now at 4 km resolution

and commonwith the SMAPmission andGlobecover V2.3 (V2.2 before)

is now used as the land-cover map with an improved quality of the

water body fraction estimation. All those changes are described in detail

in (Kerr et al., 2014).

3.4.3.2. CATDS Level 3 soil moisture. The SMOS L3 dataset is delivered

by the Centre Aval de Traitements des Données SMOS (CATDS)

(Jacquette et al., 2010). It includes both a TB dataset (SMOS-L3 TB)

where the polarized TB data are expressed in the Earth surface refer-

ence frame (vertical, V, and horizontal, H, components) and a re-

trieved soil moisture dataset (SMOS-L3). The latter is based on the

L2 soil moisture retrieval with slight modifications, see (Kerr et al.,

2013), that include the use of three overpasses and a time correlation

of the vegetation (Al Bitar et al., submitted for publication). The

SMOS-L3 data are available in the NetCDF (Network Common Data

Form) format, on the EASE Grid (Equal-Area Scalable Earth Grid) ver-

sion 2 (Brodzik, Billingsley, Haran, Raup, & Savoie, 2012) which is an

equal area grid, with a sampling resolution of 25 km (at a latitude of

30°).

The dataset used in this study (version 300) is issued from the third

reprocessing campaign. It is based on ESA L1b (version 6) data and ver-

sion 620 of the L2 soil moisture processor.

3.4.3.3. Neural network retrievals. The neural network approach is based

on a feed-forward neural network using SMOS TB grouped with

other sources of information using an approach similar to that of

(Rodriguez-Fernandez et al., 2015), i.e., using SMOS-L3 TB as inputs,

which are averaged in 5°-width incidence angle bins. It was found

that it is possible to define two local normalized indexes I1 and I2 that

improve the neural network results. The first one, I1, is a normalization

of the TB time series for each spatial grid node defined as:

I1 t; i; jð Þ ¼
Tb t; i; jð Þ−T min

b i; jð Þ

T max
b i; jð Þ−T min

b i; jð Þ
: ð2Þ

where t is time, i, j, and Tb
min and Tb

max the minimum and maximum,

respectively, of the TB data in the June 2010–June 2013 time series for

the grid point ij. This index is computed independently for each inci-

dence angle bin and polarization. In addition, taking into account the

SM values associated to the maximum and minimum of the local TB

time series, one can also define a second index, I2, as follows:

I2 t; i; jð Þ ¼

SMT min
b i; jð Þþ

þ SMT max
b i; jð Þ−SMT min

b i; jð Þ
h i

�

�I1 t; i; jð Þ

ð3Þ

where SMTb(i, j) is the soil moisture corresponding to the TB brightness

temperature for grid node (i, j) as determined from the reference SM

dataset used to train the neural networks (SMOS L3 SM in the present

study, see below). SMTbmin(i, j) and SMTbmax(i, j) are the minimum and

maximum, respectively, of the SMTb(i, j) data in the time series for the

7



grid point ij. The correlation of the neural network output with respect

to the reference soil moisture dataset increases significantly (~13%)

when using the index I2 (for a given incidence angle range). In addition,

when using this index it is possible to use a narrower incidence angle

range for the TB data without a significant loss of performances

(Rodriguez-Fernandez et al., 2015), and, therefore, increase the

swath-width of the neural network retrieval (the swath width is maxi-

mum when using only the 40°–45° angle range). Finally, it should be

noted that once trained, the neural networks are very fast to apply

and, therefore, they are the basis of an algorithm to retrieve soil mois-

ture from SMOS observations in near-real-time (see (Mecklenburg

et al., 2016-in this issue).

The NN used in this paper has the same configuration as that of the

scheduled NRT SMOS SM product. The input vector is composed of TB

data and the corresponding I2 indexes in three incidence angle bins

from 30 to 45° (both for H and V polarizations). Using this incidence

angle range allows the retrieval of soil moisture over a swath width of

914 km, which is slightly less than that of the SMOS-L2 or SMOS-L3

products, reducing slightly the temporal coverage. In addition, soil

temperature estimates from ECMWF models are also used as inputs to

improve the performances of the retrieval. The NN has five non-linear

(hyperbolic tangents) neurons in the hidden layer and a second layer

with a single linear neuron. In contrast to Rodriguez-Fernandez et al.

(2015), who used ECMWF IFS model simulations as reference data to

train the NN, here the NN were trained using the SMOS-L3 SM product

as reference data. The training database was computed using one day

every ten days from June 1st, 2010 to June 23rd, 2013. In addition,

only one grid point over three (both in latitude and longitude) was

kept for the training database. Data from frozen or snow-covered soil

were filtered out from the training database using ECMWF IFS model

simulations. Grid nodes close to the location of the in situ sensors

used to evaluate the performance of the NN were removed from the

training database. Finally, grid points with a probability higher than

20% of being affected by RFI in the SMOS frequency band were as

well removed from the training database using the RFI_Prob parameter

of the SMOS-L3 products. The final training database contains ~2.2 105

data samples. The training was done using the gradient back-

propagation method and the Levenberg-Marquardt minimization

Fig. 2. Comparison of the temporal evolution of the retrieved soil moisture obtainedwith two versions of the L2 algorithm (in blue version V551, in red version V620), with the L3 (V300)

and in situ data. Top panel: Benin AMMA–CATCH site in Africa (Ascending top and Descending below Jan 2010 to Dec 2012); bottom panel: same for Walnut Gulch USDA Watershed

(Ascending and Descending Jan 2011–Dec. 2012).
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Fig. 4. Percentage of cases where a given dataset ranks best (morning orbits). See Appendix A for details.

Table 3

Statistical results between the SM retrievals obtained with the SMOS-L2 versions V551 and V620 over the four USDAWatersheds in terms of correlation coefficient (R), Bias, STDE and

RMSE.

Site R (551/620) Bias (551/620) STDE (551/620) RMSE (551/620)

Little River ASC 0.47/0.57 −0.130/−0.091 0.057/0.053 0.142/0.105

Little River DSC 0.45/0.58 −0.110/−0.070 0.050/0.043 0.121/0.082

Little Washita ASC 0.81/0.90 −0.040/−0.008 0.042/0.035 0.058/0.036

Little Washita DSC 0.83/0.85 −0.038/−0.004 0.042/0.037 0.056/0.037

Reynolds Creek ASC 0.58/0.60 0.025/0.061 0.072/0.070 0.076/0.092

Reynolds Creek DSC 0.50/0.63 −0.007/0.023 0.079/0.066 0.078/0.069

Walnut Gulch ASC 0.79/0.86 −0.055/−0.023 0.048/0.041 0.073/0.047

Walnut Gulch DSC 0.77/0.73 −0.046/−0.024 0.040/0.038 0.061/0.045

Fig. 3. Results obtained overWalnut Gulch for SMOS L2 versions V620 (OP620) and V551 (OP551) for the ascending orbits: zoom of the SM time series from July 2010 to July 2011 (top)

and Taylor's diagram (bottom). Statistics are also given (R correlation, Bias, STDE, RMSE and number of values kept). The color bar corresponds to the color of the dots to characterize the

biases.
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algorithm. A subset containing 60% of the samples in the training data-

base were used for the training, and 20% of the samples were used to

check the NN performances during the training to avoid over-training.

The other 20% of the samples were used to compare the SMOS-NN out-

put to the reference SM after training. No signs of over-training were

observed as the supervised learning was done with a large number of

statistically significant samples. As discussed by Rodriguez-Fernandez

et al. (2015), the NN is a global method that allows us to check a

posteriori the statistical consistency of the reference SM dataset and to

correct wrong estimates in that dataset.

3.4.4. Others (SMAP and Aquarius)

Aquarius/SAC-D and SMAP are two other L-band radiometers

launched by Argentina and by NASA. They are both characterized by

the addition of an active system. Aquarius was launched in June 2011

and was operational until June 2015. Its main goal was to retrieve sea

surface salinity over ocean, hence the relatively poor spatial and tempo-

ral resolutions so as to optimize sensitivity (Le Vine et al., 2014). Over

land a soilmoisture algorithmwas developed and provided good results

(Bindlish & Barros, 2002). SMAP was launched in January 2015, and is

dedicated to soil moisture and freeze thaw state monitoring, with very

similar coverage characteristics as SMOS for the passive component

(Entekhabi et al., 2010; Entekhabi, Yueh, ONeill, et al., 2014) with a

slightly better swath and improved sensitivity but only one view angle

(40°). These twomissions are mentioned here for the sake of complete-

ness but were not used in this study.

3.5. Data selection rationale

The remotely sensed soil moisture products are often associated

with quality flags that allow quality control prior to the evaluation. For

SMOS, grid-nodes with a DQX N 0.06 m3/m3, or with a DQX equal

to fill value (meaning the retrieval failed), or with a percentage of

RFI N 10% were rejected. For ASCAT, grid-nodes with a noise error

(ERR) N 14%, frozen temporary,meltingwater on the surface, and perma-

nent ice were rejected. Furthermore, all the datasets were re-projected

from their original coordinate systems onto the EASE V2 25 × 25 km

grid, the grid used by SMOS-L3 products, using a nearest neighbor

approach (Rüdiger et al., 2009). Finally, MERRA-Land soil moisture grid-

nodes with soil temperature (fromMERRA-Land) b 274 Kwere screened

out to avoid any frozen soil conditions.

In order to compare different products a common study period is re-

quired, if possible. The approach taken depends upon the objectives and

is thus described in Section 4.

4. Results and discussion

Results are presented in three main groups: 1) improvements of

SMOS–L2 version V620 with respect to V551, 2) comparison between

several SMOS retrieval algorithms (L2, L3 and Neural networks), and

3) comparison between SMOS and other satellite/model outputs.

4.1. Comparisons at local scale

4.1.1. Dense networks and sites

In order to keep the presentation focused, we concentrated our anal-

ysis on a limited amount of sites for the figures including time series,

while using a larger dataset for the statistical analysis. Fig. 2 shows

plots of the SM time series for one site in Benin, Africa (AMMA-

CATCH), characterized by a tropical humid climate and a dense vegeta-

tion cover, and for one site in the USA (USDAWalnut Gulch watershed)

which is arid.

These two examples show that the general behavior of the SM time

series is mostly the same between the two algorithm versions with the

exception that V620 is a bit drier than V551 for both sites which im-

proves the results. This is shown for the Walnut Gulch site in Fig. 3

which presents a Taylor's diagram and a zoom of the SM time series

for one year (July 2010–July 2011) for clarity. The zoom enables us

to see that the SM retrievals are drier and closer to the in situ

Fig. 5. Evaluation of SMOS NN (black boxes), ECMWF IFS (dark gray boxes) and SMOS L3

(light gray boxes) with respect to in situmeasurements. The results were computed site per

site. The box plot shows the median value, and 25th and 75th percentiles. Points are drawn

as outliers (red crosses) if they are larger than q3 + 1.5(q3 − q1) or smaller than q1 −

1.5(q3 − q1), where q1 and q3 are the values corresponding to the 25th and 75th

percentiles. The dashed lines extend to the most extreme data value that is not an outlier.

Panel (a) shows the correlations with respect to in situ measurements for both ascending

and descending overpasses. Panel (b) shows the standard deviation of the difference of

the three products with respect to the in situ measurements. Panel (c) shows the bias. The

yellow bars show the total number of points in each class (however, as already mentioned

the metrics were computed site per site).
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measurements for V620 in comparison to V551. These are only two ex-

amples; however, the overall statistics, as presented in the following),

also show a clear improvement between versions V551 and V620.

The improvements are shown in Table 3which summarizes statistical

results for the four USDAwatersheds. In almost all of the cases the results

are betterwith V620. Onemay also note that even for themost “difficult”

site of Reynolds Creek (located in a mountainous area with frequent

occurrence of snow and freezing events) the results are rather satisfacto-

ry. One site (Little River) gives poor results for both versions. This was re-

cently explained (Mahmoodi et al., 2015) bywrong estimates of the land

use in that area in the ECOCLIMAP database (Masson, Champeau,

Chauvin, Meriguet, & Lacaze, 2003). When using the International

Geosphere Biosphere Program (IGBP) classification (Broxton, Zeng,

Sulla-Menashe, & Troch, 2014), results are significantly improved.

Fig. 6. Same as Fig.5 but the statistics were computed as a function of different parameters. Only results for the Pearson correlation and ascending overpasses are shown. Panel (a) results

per network. Panel (b): results per fraction of forested area in the SMOS footprint. Panel (c): results per vegetation type (Matthews, 1983): 1 = rain forest, 2 = evergreen forest, 3 =

deciduous forest, 4 = evergreen woodland, 5 = deciduous woodland, 6 = cultivation, 7 = grassland, 8 = tundra, 9 = shrub land, 10 = desert Panel (d): results as a function of the

roughness parameter Hr. Panel (e): results are a function of the topography.
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4.1.2. Sparse and dense networks: detailed analysis for some sites

Once the improvement of V620 vs. V551 was ascertained, it was

deemed useful to evaluate the different SMOS products (L2 from ESA,

L3 from CATDS, neural networks) against NWP simulations and other

satellite products over several sites. For this evaluation, 11 SCAN sites

were identified by (Al Bitar et al., 2012) as being of good quality and rep-

resentative of an AMSR-E/ASCAT/SMOS grid-node. We also used other

sites such as HOBE (Denmark), the two AMMA CATCH sites (Benin and

Niger) and the Little Washita USDA watershed. For ECMWF, SMOS-L3,

SMOS-NN, and the in situ data, the grid points were selected as follows:

startingwith the SMOS acquisition time, a timewindowof±30minwas

used to select one or two in situ measurements that would be compared

to the remote sensing andmodel SM products. For AMMA, where in situ

measurements are only available every three hours, the time window

was increased to ±90 min. If more than one in situ measurement was

found in that time window, they were averaged. Conditions of frozen

soils (T b 274 K) or soils covered by snow were filtered out using

ECMWF model estimations of the soil temperature in the 0–7 cm layer

and the snow depth. Finally, the only times for which the four (SMOS-

L3, SMOS-NN, ECMWFand in situ) soilmoisture estimateswere available

were retained for computing the quality metrics.

Globally, the best results were obtained with SMOS with a few

exceptions. Within the different SMOS approaches, the neural network

gives similar results. Fig. 4 shows the percentage of cases where a given

dataset gives best performances for each criterion. Detailed results are

given in the Table A1 in the Appendix A.

4.1.3. Sparse and dense networks: global statistical analysis

The previous section discussed the comparison of common remote

sensing products with respect to in situ measurements in details for a

few sites. In the current section, only SMOS products are evaluated

against in situ measurements but for a large number of sites worldwide

(Table 2) and compared to ECMWF model simulations. Since L3 uses

directly the L2 algorithmwhere the only difference is taking advantage

of the multi temporal acquisitions, here we used the L3 only (see

(Al Bitar et al., submitted for publication). For instance, using SMOS-L3

instead of SMOS-L2 does not drastically change results as shown

in Fig. 2 (see also Appendix A). In addition, the SMOS-NN and the

ECMWF IFS SM (0–7 cm) products are also evaluated.

For each in situ measurement site, the closest EASE grid point was

selected, and then for this point the three SM products (SMOS-NN,

SMOS-L3 and ECMWF) were compared to the in situ measurements.

The results are from 9 November 2010 (so as to account for changes in

ECMWF (see Section 3.3.2) to December 2013 (date for which V300

SMOS-L3 products are currently available)). The Pearson correlation co-

efficient (R), the standard deviation of the difference (STDE)with respect

to the in situ measurements, and the bias were computed site per site

using only times for which a soil moisture value was available for all

four datasets. Afterwards, the results were analyzed by computing min-

imum and maximum values, 25th and 75th percentiles and the median.

The final results are presented in the form of box plots in Figs. 5 to 7.

Fig. 5 summarizes the correlation, STDE and bias for all the in situ

measurements sites as box plots both for ascending and descending

overpasses. Even if there are small quantitative differences, qualitatively

the three products show similar performances for both overpasses. The

correlation is higher (and the STDE lower) for SMOS-NN and ECMWF.

The two SMOS products together (SMOS-NN and SMOS-L3) are the

closest to the reference (in situ measurements) in terms of bias.

A summary of the results in terms of R is given in Fig. 6 for the as-

cending orbits. The SMOS products (SMOS-NN, SMOS-L3) show better

results in terms of correlation (R) (and bias not shown here) than

ECMWF over 8 networks (out of a total of 13). However, one should

bear inmind that ECMWFproducts used in this study have been spatial-

ly and temporally interpolated to the SMOS grid and overpass time,

which could penalize the score of the ECMWF model simulations. The

sites where SMOS-L3 performs better than ECMWF products are those

mainly characterized by low vegetation and smooth topography:

AMMA, ARM (0.05–0.05), DAHRA, PBO-H2O, OZNET (0–0.05), OZNET

(0–0.08), LW and WG watersheds; conversely, for descending over-

passes (not shown), SMOS-L3 has better results in terms of correlation

(R) (and bias) than ECMWF for only 3 networks (LW, WG, and ARM

(0.05–0.05)). While SMOS-NN shows larger median values of SM for 8

networks. The mean number of points for the times series of each net-

work is given in Table 2.

It is not straightforward to compare the results with those of previ-

ous global studies such as that of (Albergel et al., 2012) because the ver-

sions of the remote sensing data are not the same, and, mainly because

the site selection is not done using the same protocol. Nevertheless, the

results presented in the current study seem in overall good agreement

with the mean values presented in Table 2 of Albergel et al. (2012).

These results can be analyzed further by considering different catego-

ries. In the following, the data were separated into categories based on

NDVI, vegetation type, fraction of forest cover (%), surface roughness

and topography. Usual metrics (R, STDE, Bias) were calculated for the

time series (NN, ECMWF and L3 SM) at each in situ station location

using the in situ data as a reference, and then averaged for the ensemble

of locations per network (Fig. 6a). Results can be filtered according to the

categories mentioned above (NDVI, vegetation type, fraction of forest

cover (%), etc).

Figs. 6 and 7a show the results in terms of values of the correlation

coefficients (Pearson) for each category and for the three approaches

(SMOS-NN, ECMWF and SMOS-L3) together with the population (num-

ber of points) for each category (however, one should bear in mind that

the metrics are still computed site per site).

4.1.3.1. Surface roughness. In the present study, the effect of surface

roughnesswas evaluated consideringmaps of the roughness parameter

Fig. 7. Same as Fig. 5 but the statistics were computed as a function of the MODIS NDVI

value. Only results for ascending overpasses are shown. Panel (a) Correlation. Panel (b):

Standard deviation of the difference (STDE) with respect to the in situ time series.
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Hr, used in the SMOS algorithm (Kerr et al., 2012), as computed by

Parrens et al. (2014). Fig. 6d shows that the correlation coefficient de-

creases generally as the roughness parameter Hr increases (especially

for SMOS-L3). For the higher values of surface roughness (Hr larger

than 0.2), ECMWF performs slightly better than the other products in

terms of correlation. For smooth and moderate roughness (Hr ~ 0.0–

0.2), the three products present similar results for ascending overpasses,

though SMOS-NN provides better results in general. The results for de-

scending orbits are similar (results not shown), but ECMWF exhibits

slightly better correlations R than the SMOS retrievals for Hr ≤ 0.1.

4.1.3.2. Topography classes. The effects of topography were evaluated

using the three classes (smooth, moderate, strong) considered in the

SMOS algorithm (Kerr et al., 2012). In Fig. 6e, for smooth and strong to-

pography, SMOS-NN is the best performing dataset in terms of correla-

tion, for both ascending and descending (not shown) overpasses.

However, for moderate topography, ECMWF achieves the best correla-

tion. This may be explained by the characteristics of ground networks

as described by Crow who showed that in some cases the ranking be-

tween approaches can be modified when the in situ measurement un-

certainties are correctly accounted for (Crow et al., 2015).

4.1.3.3. Vegetation. Three main analyses were conducted: fraction of for-

est (%), NDVI values, and vegetation types. The 16-day MODIS NDVI

products (MOD13C1 and MYD13C1, version 600) were used to obtain

values of the Normalized Difference Vegetation Index (NDVI) in the

EASE grid (version 2) common to SMOS L3 products by aggregating

the NDVI using a weighted mean with weights accounting for the

SMOS antenna pattern which was approximated by a Gaussian beam

with 43 km width at half maximum. The vegetation classification used

is that of Matthews (1983).

For forest covered grid-nodes (Fig. 6b), it can be seen that for dense

covers the ECMWF provides the best correlation coefficients while for

medium and low forest fractions all three approaches give very similar

results, SMOS-NN performing slightly better.

A secondanalysis on vegetation divides thedataset according to veg-

etation class (Fig. 6c). Sites characterized by forests (vegetation classes

1, 2 and 3) andwoodlands (vegetation classes 4 and 5) show better cor-

relation for the ECMWF product, which is consistent with the previous

analysis on forest fraction. For low vegetation classes (classes 6, 7, 9),

SMOS-NN performs best. Obviously, this study will need to be done in

more detail to ascertain whether such results are linked to the network

representativeness or to the retrieval algorithms (Crow et al., 2015). It

should be noted that for class 8, corresponding to tundra, SMOS–L3

and SMOS-NN give very poor results, which can be easily explained by

the specifics of such biomes. The low number of sites available (4) for

this vegetation class makes any interpretation difficult at this stage

and no conclusion can be drawn. However, it is worth investigating to

investigate this further and currently studies are underway to better

model such soil types (Bircher et al., 2014b).

Finally, Fig. 7 shows the results as a function of NDVI. Similarly to for-

ests where correlation results do not depend significantly upon forest

cover, the values of the correlation coefficient for the SMOS products

do not depend significantly onNDVI. This is a confirmation of the results

found by Al-Yaari, Wigneron, Ducharne, Kerr, de Rosnay, de Jeu, et al.

(2014); Al-Yaari et al. (2014b), that the SMOS algorithm performs

well in correcting for the effects of the vegetation opacity (parameter-

ized here by the NDVI index) and that the time series capture the

dynamics of the soil moisture signal well, even for high values of

NDVI. However, the box plot for the STDE (Fig. 7b), shows that the

STDE exhibits a trend to increase for NDVI N 0.3, which implies that

even if the temporal dynamics are on average well captured, there is

more dispersion in the results for high NDVI values.

As a summary of this analysis based mainly on correlation values, it

appears that the performance of the SMOS SM retrievals show a limited

sensitivity to roughness effects (the quality of all SM products slightly

decreases as roughness increases), and a low sensitivity to topography

and vegetation effects. However, for high vegetation and forest density

(e.g. for high NDVI values or forest fraction), ECMWF provides the best

results.

Regarding the statistics per site (see Table A1 given in the Appendix

A), the SMOS products (SMOS-NN, SMOS-L3) perform better than the

ECMWF product for more sites for both ascending and descending or-

bits as shown on Fig 4. The sites where SMOS-L3 performs better than

ECMWF products are those mainly characterized by low vegetation

and smooth topography (AMMA-CATCH, ARM-0.5, DAHRA, OZNET,

PBO, LW, and WG).

4.2. Comparison at the global scale

As a complement to the evaluation done with in situ measurements

presented above, a global comparison between the SMOS-L3 and the

AMSR2 soil moisture product (referred to as AMSR2-SM), described in

Section 3.4.2.2 wasmade. Note that only the AMSR2 soil moisture prod-

ucts were considered here, as a detailed comparison study has already

been made at global scale between the soil moisture products from

SMOS, AMSR-E, and ASCAT in Al-Yaari, Wigneron, Ducharne, Kerr, de

Rosnay, de Jeu, et al. (2014); Al-Yaari et al. (2014b). The MERRA-Land

soil moisture product, described in Section 3.3.1, was used as a

benchmark. The comparison period (07/2012–06/2014) was select-

ed given the availability of both AMSR2 and SMOS soil moisture

datasets. Note that due to a reprocessing campaign under way, all

the SMOS-L3 are not available in the same version. The comparison

was restricted to grid-nodes and dates where both SMOS-L3 and

AMSR2-SM were available. Classical metrics (including correlation,

bias, RMSD, and STDE) and the advanced triple colocation error method

were used in this global comparison. It should be noted here that we

used the term difference in RMSD rather than error (RMSE), as done

in the local scale evaluation, because models cannot be considered as

the ground truth, as mentioned earlier. Correlations were computed

using original soil moisture values and anomalies that were computed

following (Rüdiger et al., 2009).

SManomaly tð Þ ¼
SM tð Þ � �SM t� 17 : tþ 17ð Þ

σ SM t� 17 : tþ 17ð Þ½ �
ð4Þ

where SM(t) is the original SM value at time t, the over-bar is temporal

mean, and σ is standard deviation for a timewindow of 35 days defined

by t ± 17 days.

The advanced triple colocation error method quantifies the spatial

and temporal errors between three independent datasets (Stoffelen,

1998) and has been recently used in the soil moisture field (Al-Yaari

et al., 2014b; Dorigo et al., 2010; Leroux, Kerr, Richaume, & Fieuzal,

2013; Scipal, Holmes, de Jeu, Naeimi, &Wagner, 2008). The triple collo-

cation error method is described in (Draper et al., 2013).

4.2.1. SMOS-L3 vs. AMSR2-SM results

Fig 8a–j shows the spatio-temporal statistics between SMOS-L3 (left

panels) and AMSR2-SM (right panels) soil moisture retrievals and the

reference (MERRA-Land). These include (a&b) correlation coefficients

(R) computed using original values (p-value b 0.01), (c&d) correlation

coefficients (R) computed using anomalies (p-value b 0.01), (e&f) bias

(m3/m3), (g&h) RMSD (m3/m3), and (i&j) STDE (m3/m3). In analyzing

all thesemaps, it can be seen that the spatial patterns are generally sim-

ilar for both SMOS-L3 and AMSR2-SM although there is a difference in

magnitudes. SMOS-L3 is more consistent with the reference over most

of the globe leading to higher correlations and lower RMSD and STDE

values. This is particularly apparent over tundra and boreal regions

where negative correlations and high RMSD and STDE values were gen-

erally obtained with AMSR2-SM. Both SMOS-L3 (more consistent with

MERRA-Land) and AMSR2-SM generally lead to lower SM values than

MERRA-Land. These lower soil moisture values (underestimating the
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Fig. 8. Global maps of the evaluation statistics between MERRA-Land soil moisture simulations and SMOS-L3 (left) and AMSR2 (right) soil moisture products for the 2012–2014 period.

(a & b) correlation coefficients (R) using original soil moisture values; (c & d) correlation coefficients (R) using soil moisture anomalies; (e & f) bias (m3/m3); (g & h) RMSD (m3/m3); and

(i& j) STDE (m3/m3).
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reference) for both SMOS-L3 (Al-Yaari et al., 2014a) and AMSR2 (Kim

et al., 2015) at global scale have been noted in previous studies. Howev-

er, AMSR2-SM is wetter than the reference for the Sahara. This is in line

with results presented by (Kim et al., 2015) who found that AMSR2-SM

provided high soil moisture values over some regions that are essential-

ly very dry.

In order to get a different insight into the relative performances of

AMSR2-SM and SMOS-L3 with respect to MERRA-Land estimates,

Fig. 9. Latitudinal means of (a) correlation coefficients (R) using original soil moisture values (b) correlation coefficients (R) using soil moisture anomalies; (c) bias (m3/m3); (d) RMSD

(m3/m3); and (e) STDE (m3/m3) between AMSR2 (red) and SMOS-L3 (blue) soil moisture products against MERRA-Land soil moisture simulations. N is the number of data (green).
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latitudinal plots averaging these statistics and histograms considering

the different land cover classes (Friedl et al., 2010) are presented in

Fig. 9 and 12, respectively.

Fig 9 shows the latitudinal plots, which were produced taking the

mean per latitude of each indicator used in Fig. 10: (a) correlation

coefficients (R) using original soil moisture values (b) correlation

Fig. 10. Mean by land cover class (Friedl et al., 2010) of (a) correlation coefficients (R) using original soil moisture values (b) correlation coefficients (R) using soil moisture anomalies;

(c) bias (m3/m3); (d) RMSD (m3/m3); and (e) STDE (m3/m3) between AMSR2 and SMOS-L3 soil moisture products against MERRA-Land soil moisture simulations.
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coefficients (R) using soil moisture anomalies; (c) bias (m3/m3);

(d) RMSD (m3/m3); and (e) STDE (m3/m3). It can be clearly noted

that SMOS-L3 (blue) has higher correlations (particularly for original

soil moisture), lower biases, and lower RMSD values than AMSR2-SM

(red) for almost all latitudeswhen compared toMERRA-Land. Consider-

ing the STDE criteria, similar performances were generally obtained for

both SMOS-L3 and AMSR2-SM for all latitudes, except that SMOS-L3 is

slightly closer to MERRA-Land (lower STDE values) in the higher lati-

tudes (Northern regions including boreal forests and tundra) while

AMSR2-SM is slightly closer to MERRA-Land in arid areas of the South-

ern hemisphere (South Africa, Australia, South of Argentina and Chile).

Fig. 10a–e shows themean by land cover class (Friedl et al., 2010) of

the (a) correlation coefficients (R) using original soil moisture values

(b) correlation coefficients (R) using soil moisture anomalies (c) bias

(m3/m3) (d) RMSD (m3/m3) and (e) STDE (m3/m3). As can be seen in

Fig. 10, there is in general a higher consistency between SMOS-L3

(black) and the reference than for AMSR2-SM (gray) over the forests

and regions with dense vegetation (e.g. Evergreen Needle-leaf Forests,

Deciduous Needle-leaf Forests, Deciduous Broadleaf Forests, Mixed

Forests) for all metrics, except for bias. Considering bias over these can-

opy types, there is a larger difference (lower values) between MERRA-

Land SM data and SMOS-L3 than with AMSR2-SM. In Fig. 10d (RMSD

criterion), it can be seen that SMOS was closer to MERRA-Land for all

land cover classes.

If we exclude the regions with forests and dense vegetation, the

SMOS-L3 SM and AMSR2-SM products are similar over all land cover

classes for the correlation coefficient computed from anomalies

(Fig. 11b) and for the STDE indicator (Fig. 10e) when compared to

MERRA-Land.

Fig. 11 shows the spatial errors (m3/m3) estimated using the triple

collocation method. In general, the errors are relatively low for both

SMOS-L3 and AMSR2-SM (global average values are 0.023 m3/m3 and

0.031 m3/m3 for SMOS-L3 and AMSR2-SM, respectively). The spatial

patterns are in agreement with the land cover types with higher errors

over vegetated regions and lower values over deserts. These two maps

confirm the previous results obtained using the classical metrics:

AMSR2-SM has higher (than SMOS-L3) spatial errors over the regions

where the vegetation is dense or moderate (e.g. tropics, boreal regions,

eastern USA and Canada, south-eastern Australia andmost of the conti-

nent of South America).

The spatial errors shown in the two maps in Fig. 11a–b were aver-

aged as a function of land cover classes (Friedl et al., 2010) and are

shown in Fig. 12. There is a higher consistency between SMOS-L3

(black) and the reference than for AMSR2-SM (gray) over most of the

land cover classes (e.g. Evergreen Needle leaf Forests, Deciduous Broad-

leaf Forests, Mixed Forests, Woody Savannas, Savannas, Grasslands,

Croplands, Cropland/Natural Vegetation Mosaics). There are two main

exceptions: comparable performances are obtained for SMOS-L3 and

AMSR2-SM over open shrub lands which represent almost 30% of the

global land area coverage and there is a higher consistency between

AMSR2-SM and the reference over Barren (sparse vegetation) regions,

which represent almost 10% of the area coverage.

4.2.2. Discussion

Considering the global analysis presented in the previous section

(Figs. 8 to 12), SMOS-L3was found to bemore consistent to the reference

than AMSR2-SM, in particular over the regions where the vegetation is

dense or moderate. This result confirmed previous findings that com-

pared SMOS-L3 to soilmoisture products derived fromAMSR-E (the pre-

decessor of AMSR2). For instance, Al-Yaari et al. (2014a) compared

SMOS-L3 soil moisture products with soil moisture derived from the

AMSR-E observations and found that the former was closer to the

Fig. 11. Triple collocation error (TCE) analyses. (a) spatial distribution of TCE (m3/m3) for SMOS-L3; (b) spatial distribution of TCE (m3/m3) for AMSR2.White regions indicate grid-nodes

with b100 observations common to both SMOS-L3 and AMSR2-SM.
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reference particularly over vegetated regions. This is not surprising

given that SMOS operates at L-band (1.4 GHz) which is considered to

be less affected by the attenuation effects of the vegetation canopies

than higher frequencies such as the C- and X-bands used by AMSR2

(de Jeu et al., 2008; Jackson & Schmugge, 1989; Kerr et al., 2001;

Ulaby, Moore, & Fung, 1981).

On the other hand, comparable results for SMOS-L3 and AMSR2-SM

were found over closed and open shrub lands and AMSR2-SMwas clos-

er than SMOS-L3 to themodeled reference over barren regions for most

of the analyses when models are often too wet over dry areas (in total

these two land cover classes represent almost 30% of the global land

area coverage). Moreover, it seems that the specific approach used in

the JAXA algorithm over dry regions (i.e. a four stream fast model) led

to improved soil moisture retrievals over these regions (Kim et al.,

2015). It is worth noting too that MERRA-Land may not represent well

the truth in regions that lack precipitation gauges (Al-Yaari et al.,

2014b), which might have an impact on the performance evaluation

of both AMSR2-SM and SMOS-L3.

The Dobson dielectric mixing model (Dobson, Ulaby, Hallikainen,

& Elrayes, 1985) was replaced by the Mironov model (Mironov,

Kosolapova, & Fomin, 2009) in the latest reprocessed version of

SMOS-L3 which is considered here. The Mironov model generally

leads to higher soil moisture values in the SMOS-L3 at global scale, but

there is a large variability in this result from one region to another

(Mialon et al., 2015). The results shown in Fig. 9e–f indicate that

SMOS-L3 is still drier than the reference mainly over tundra, eastern

USA, Brazil, and Europe. Nevertheless, it can be seen that SMOS-L3 is

wetter than the reference over a few regions (regions close to the equa-

tor in Africa). Al-Yaari, Wigneron, Ducharne, Kerr, de Rosnay, de Jeu,

et al. (2014); Al-Yaari et al. (2014b) demonstrated that the earlier

version of the SMOS-L3 soil moisture product, using the Dobson

model was drier than MERRA-Land over most of the globe. The

present global study confirms that there is a positive or a negative

Fig. 13. Soil moisture time series (top), Cumulative Distribution Function (CDF) (bottom left) and Taylor diagram (bottom right) for the HOBE site (Jan 2010, Jan 2015). In the Taylor

Diagram, ASC, L2, L3, NN, EC stands respectively for ASCAT, SMOS-L2, SMOS-L3, SMOS-NN and ECMWF).

Fig. 12. Mean by land cover class (Friedl et al., 2010) of the triple collocation errors

(m3/m3) between AMSR2 (gray) and SMOS-L3 (black) soil moisture products

against MERRA-Land soil moisture simulations.
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difference with MERRA-Land, depending on the region. Introducing

theMironov model instead of the Dobsonmodel in the algorithm im-

proved results when compared to the dense network or sparse net-

work databases.

5. Overall discussion

The first conclusion from our analysis is that there is a strong need

for a) a set of consistent metrics and b) a better way to qualify the

ground data which also have their own imperfections.

To illustrate the first point, Figs. 13 to 15 depicts three different

cases. SMOS L2 soil moisture (SMOS-L2) is depicted in the time se-

ries (top of Figs. 13 to 15), but note that for the sake of clarity not

all the temporal series are plotted. However, SMOS-L3 and SMOS-

NN are also displayed as Cumulative Distribution Function (CDF)

to be compared to all the datasets (bottom left of Figs. 13 to 15).

These examples illustrate the fact that at least three different types

of metrics are required to correctly evaluate and compare different

SM datasets. Taylor diagrams show how the datasets statistically

compare between them and to ground measurements, temporal

plots show how they capture temporal evolution of SM while CDF

plots t can be used to compare the range of values from different

SM products.

The HOBE site (Fig. 13) is difficult to interpret as RFI levels are high

and it is surrounded by seas. The temporal plots exhibit many oscilla-

tions for the satellite data and in particular for ASCAT and to a lesser de-

gree for SMOS. MERRA-Land is much smoother than even ECMWF.

However, the Taylor diagram shows that where SMOS-L2, SMOS-L3

and ASCAT provide rather poor results, the SMOS-NN approach repre-

sents SM well in this difficult environment and behaves slightly better

than ECMWF. Note also that if adequately filtered of RFI sources,

SMOS-L2 and SMOS-L3 results improve significantly (Bircher et al.,

2013). The CDF plots are also very instructive as they show that the dis-

tribution of soil moisture is not equivalent for all SM products. For in-

stance, ASCAT has a quasi linear progression.

Another example is shown in Fig. 14 for the AMMA-CATCH site in

Niger (Jan 2010–Jan 2014). The AMSR-E SM data (up to October

2011) seem to be fixed at a very dry level during the whole dry sea-

son, while MERRA-Land and ECMWF never get as dry (visible from

the CDF plots). SMOS-L2 follows the ground measurements quite

well with the exception of “peaks” during the wet season which

are attributed to ponding effects, also visible on AMSR data. ASCAT

SM values start to increase with vegetation and not with the first

rains. They remain relatively high during most of the dry season

and fall back to very low values shortly before the onset of the fol-

lowing rainy season. CDF curves do depict these behaviors quite

well.

Finally, in Fig. 15, very variable soil moisture signals can be seen over

Rogers's farm, a SCAN site. AMSR-E has a tendency to produce low

values that are often not very realistic, and are also depicted on the

CDF curves. MERRA-Land and ECMWF start with high soil moisture

values but MERRA-Land SM values have a much smaller range and

less variation, which could be considered as strange as its layer depth

is only 2 cm vs 7 cm for ECMWF. The CDF curves for SMOS (SMOS-L2,

SMOS-L3 and SMOS-NN) are quite close to the in situ one while

ASCAT show a low correlation. For this case also, SMOS-NN seems to

give the best results.

6. Conclusions and perspectives

The study presented here aimed at evaluating the performances of

the SMOS products on three different levels: a) in terms of product

Fig. 14. Soil moisture time series (top), Cumulative Distribution Function (CDF) (bottom left) and Taylor diagram (bottom right) for the Niger AMMA-CATCH site (Jan 2010, Jan 2015). In

the Taylor Diagram, ASC, AMS, L2, L3, NN, EC stands respectively for ASCAT, AMSR-E, SMOS-L2, SMOS-L3, SMOS-NN and ECMWF).
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evolution (from V551 to V620), b) in terms of different products

(SMOS-L2, SMOS-L3 and SMOS-NN) and c) in terms of comparison

with other soil moisture products. Different datasets were used that

ranged fromwell-equipped andmaintained sites (the dense networks),

to large scale sets of sites (sparse networks), model outputs and soil

moisture products from other sensors.

It is difficult to draw definitive conclusions until better metrics and

approaches are defined and adopted by the community. Therefore, all

commonly used approaches were employed in this study. The next

step will be to better ascertain the quality of the so called ground data

and other SM references (Crow et al., 2015).

From this study it was found that the new SMOS L2 algorithm, V620,

delivered much better results than the previous version, V551. Some

cases are still not satisfactory but first analyses tended to show that

the land use map currently used in the SMOS algorithm may be a

cause for errors, in some areas. This work is in progress.

The analysis of the other SMOS products such as L3 soil moisture

from CATDS (SMOS-L3) and SMOS-NN, produced from the neural net-

work algorithm currently implemented at ECMWF, are also very en-

couraging. The latter gives excellent results and often yields better

estimates than the more classical products. These good results may

lead to a very efficient approach to provide near real time soil moisture

products and could be one way to achieve a seamless transition be-

tween soil moisture sensors from the past (AMSR-E, Scanning Multi

Channel Microwave Radiometer (SMMR)) and the future (AMSR2,

SMAP) to make a long term soil moisture data records (Rodriguez-

Fernandez et al., 2015).

When compared to other model or satellite products it was found

that SMOS is more consistent globally and often gives the best results.

It does not exhibit anomalous wet values over dry areas and seems to

be relatively insensitive to vegetation density (parameterized here by

the NDVI index). Over forested areas, some progress has been made

(even though, before launch, it was not expected to achieve results

with SMOS for high biomass levels).

There are still some issues to be resolved though. The most pressing

one is related to RFI. Even though the number of sources has generally

decreased, some threats are still present. Once properly filtered, some

data can still be used butwith degraded performances.More recent sen-

sors such as SMAP capitalized on SMOS early observations to develop a

very sophisticated RFI detection approach, enabling it to extend the

range for useful TB values in the presence of RFI (spectrogram analysis).

Nevertheless, performances are obviously reduced when RFI is present

and there are still significant regions of the world where no retrievals

are possible. Another issue is related to the auxiliary files used to de-

scribe land use. It was found that the one used for SMOS (ECOCLIMAP)

was not adequate in some parts of the world. Hence, the use of other

maps (IGBP for instance) can improve – in some cases – the results. Fu-

ture studies will be devoted to finding an optimal map describing land

use at global scale in the SMOS algorithm.
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Taylor Diagram, ASC, AMS, L2, L3, NN, EC stands respectively for ASCAT, AMSR-E, SMOS-L2, SMOS-L3, SMOS-NN and ECMWF).

20



Appendix A

Table A1

Results over the selected sites for the different SMOS SM retrieval approaches (L2, SMOS-L3 and Neural Networks), the ASCAT, and AMSR-E together with the ECMWF SM dataset, for the

period of June 2010 to June 2012 and separated between morning and afternoon orbits. Results with p-values N 0.01 are left blank.

Data
Bias RMSE R2 std Bias RMSE R2 std

Ascending Descending

SCAN 2018 Torrington

SMOS-L3 – – – – 0.005 0.046 0.23 0.052

ECMWF – – – – – – – –

SMOS-NN 0.006 0.045 0.19 0.047 −0.001 0.042 0.26 0.048

ASCAT 0.066 0.074 0.47 0.039 0.057 0.065 0.36 0.037

SMOS-L2 0.017 0.037 0.39 0.038 0.019 0.047 0.33 0.053

AMSR-E 0.094 0.101 0.35 0.042 0.097 0.104 0.46 0.049

SCAN 2093 Phillipsburg

SMOS-L3 0.015 0.054 0.55 0.078 0.018 0.045 0.71 0.077

ECMWF 0.078 0.096 0.41 0.068 0.072 0.085 0.59 0.069

SMOS-NN −0.003 0.034 0.71 0.056 −0.001 0.03 0.77 0.063

ASCAT 0.048 0.084 0.28 0.08 0.035 0.07 0.33 0.072

SMOS-L2 −0.015 0.046 0.58 0.064 −0.013 0.036 0.67 0.052

AMSR-E 0.078 0.101 0.16 0.058 0.093 0.118 0.17 0.071

SCAN 2001 Rogers Farm

SMOS-L3 −0.001 0.054 0.52 0.068 0.007 0.052 0.56 0.062

ECMWF 0.054 0.082 0.4 0.071 0.062 0.087 0.42 0.066

SMOS-NN −0.002 0.047 0.62 0.07 −0.037 0.065 0.52 0.056

ASCAT – – – – 0.051 0.097 0.22 0.075

SMOS-L2 0.001 0.057 0.47 0.069 −0.009 0.054 0.59 0.041

AMSR-E −0.097 0.124 0.32 0.09 −0.118 0.15 0.18 0.084

SCAN 2030 UAPBL Loneke Farm

SMOS-L3 −0.01 0.043 0.59 0.058 0.023 0.073 0.27 0.071

ECMWF 0.044 0.067 0.45 0.062 0.04 0.082 0.18 0.063

SMOS-NN −0.012 0.046 0.51 0.044 0.004 0.062 0.22 0.035

ASCAT −0.088 0.103 0.35 0.063 −0.083 0.106 0.27 0.065

SMOS-L2 −0.015 0.054 0.41 0.06 −0.005 0.068 0.19 0.055

AMSR-E – – – – – – – –

SCAN 2168 Jornada Exp Range

SMOS-L3 0.051 0.078 0.49 0.074 – – – –

ECMWF SM 0.127 0.168 0.3 0.121 – – –

SMOS-NN 0.056 0.077 0.49 0.068 – – – –

ASCAT – – – – – – – –

SMOS-L2 0.034 0.049 0.29 0.04 – – – –

AMSR-E 0.006 0.027 0.33 0.032 – – – –

SCAN 2079 Mammoth Cave

SMOS-L3 −0.079 0.095 0.69 0.076 −0.036 0.089 0.44 0.103

ECMWF 0.192 0.201 0.67 0.049 0.217 0.228 0.5 0.05

SMOS-NN −0.09 0.103 0.72 0.065 −0.03 0.062 0.68 0.084

ASCAT 0.178 0.186 0.26 0.051 0.012 0.079 0.35 0.042

SMOS-L2 −0.088 0.098 0.8 0.082 −0.037 0.063 0.73 0.092

AMSR-E 0.094 0.143 0.36 0.129 −0.062 0.117 0.44 0.132

SCAN 2160 Grouse Creek

SMOS-L3 0.039 0.052 0.53 0.044 0.053 0.074 0.58 0.075

ECMWF 0.074 0.08 0.61 0.042 0.085 0.094 0.85 0.072

SMOS-NN 0.028 0.04 0.49 0.037 0.047 0.055 0.64 0.05

ASCAT – – – – 0.046 0.063 0.52 0.061

SMOS-L2 0.026 0.033 0.52 0.029 0.049 0.057 0.68 0.05

AMSR-E 0.089 0.099 0.27 0.051 0.157 0.162 0.64 0.067

SCAN 2024 Goodwin Creek Pasture

SMOS-L3 −0.098 0.111 0.58 0.08 −0.115 0.124 0.6 0.069

ECMWF 0.054 0.087 0.21 0.056 0.057 0.078 0.41 0.057

SMOS-NN −0.07 0.085 0.59 0.067 −0.137 0.143 0.61 0.057

ASCAT −0.145 0.157 0.39 0.063 −0.136 0.153 0.19 0.062

SMOS-L2 −0.1384 0.146 0.61 0.066 −0.126 0.136 0.45 0.058

AMSR-E – – – – – – – –

SCAN 2053 WTARS

SMOS-L3 0.011 0.107 0.42 0.06 0.015 0.082 0.58 0.08

ECMWF 0.223 0.248 0.42 0.056 0.236 0.254 0.44 0.066

SMOS-NN −0.036 0.094 0.77 0.064 −0.021 0.066 0.79 0.082

ASCAT −0.023 0.123 0.23 0.063 0.029 0.114 0.21 0.06

SMOS-L2 −0.019 0.109 0.45 0.058 0.001 0.071 0.71 0.078

AMSR-E −0.103 0.126 0.36 0.108 −0.037 0.084 0.64 0.101

SCAN 2002 Crescent Lake

SMOS-L3 – – – – 0.042 0.074 0.27 0.059

ECMWF – – – – 0.044 0.06 0.62 0.062

SMOS-NN – – – – 0.076 0.094 0.31 0.043

ASCAT – – – – 0.133 0.145 0.33 0.06

SMOS-L2 – – – – 0.018 0.066 0.15 0.046
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