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Editorial for the Special Issue: “Ten Years of Remote Sensing at Barcelona Expert Center”
Reprinted from: Remote Sens. 2020, 12, 2425, doi:10.3390/rs12152425 . . . . . . . . . . . . . . . . . 1

Ignasi Corbella, Francesc Torres, Nuria Duffo, Israel Duran, Veronica Gonzalez-Gambau and

Manuel Martin-Neira

Wide Field of View Microwave Interferometric Radiometer Imaging
Reprinted from: Remote Sens. 2019, 11, 682, doi:10.3390/rs11060682 . . . . . . . . . . . . . . . . . 7

Roger Oliva, Manuel Martı́n-Neira, Ignasi Corbella, Josep Closa, Albert Zurita, François

Cabot, Ali Khazaal, Philippe Richaume, Juha Kainulainen, Jose Barbosa, Gonçalo Lopes,
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Abstract: This book celebrates the ten year anniversary of the Barcelona Expert Center by presenting
recent contributions related to the topics on which the team has been working during those years.
The Barcelona Expert Center’s expertise covers a wide variety of remote sensing fields, but the
main focus of the research is on the SMOS data processing and its ocean, land, and ice applications.
This book contains 14 scientific papers addressing topics that go from the description of the new
data processing algorithms that are implemented in the last version of the operational SMOS level 1
processor to scientific applications derived from SMOS: results on the sea-surface salinity assimilation
in coastal models, synergies of the sea-surface salinity with temperature and chlorophyll and their
impact on the better retrieval of ocean surface currents, quality assessment of SMOS-derived sea ice
thickness, sea-surface salinity, and soil moisture products, among others. Moreover, one of the papers
verifies the potential of the future Copernicus Imaging Microwave Radiometer (CIMR) mission
within the CMEMS sea-surface salinity (SSS) operational production after the SMOS era.

Keywords: BEC; SMOS; radiometry; remote sensing; oceanography; soil moisture; cryosphere;
processing; sensor calibration; image reconstruction

1. Introduction

The Barcelona Expert Centre (BEC) is a joint initiative between the Spanish Research Council
(CSIC) and the Universitat Politècnica de Catalunya (UPC) that was created in 2007. Since its foundation
until January 2016, the head of the BEC was professor Jordi Font. The original purpose of the BEC was
to provide support to the Spanish activities on the Soil Moisture and Ocean Salinity (SMOS) European
mission, professor Font being the co-principal investigator of SMOS and being in charge of the sea
salinity part of the mission. SMOS is a European Space Agency (ESA) mission and was the first 2D
synthetic aperture interferometric radiometer operating in the microwave L-band ever put in orbit.
SMOS was put in orbit on 2 November 2009 and was designed to fulfill two specific goals: to measure
sea-surface salinity (SSS) with 1o spatial resolution and monthly temporal resolution and an accuracy
of 0.1 PSU over the sea [1], and to measure soil moisture (SM) with 25 km spatial resolution and daily
temporal resolution within a maximum uncertainty of 4% [2]. Initially, BEC missions were to provide
assessments to the ESA as a level 2 ocean salinity expert support laboratory, to contribute to SMOS
radiometric calibration and validation activities, and to develop and validate new algorithms for the
generation of added-value products at levels 3 and 4.

Since 2016, Antonio Turiel has been the head of BEC that nowadays consists of four departments,
whose areas are SMOS (salinity and land), ocean winds, cryosphere, and ocean currents. The activities
developed at BEC has been diversified, as hav its main objectives, which currently are:

Remote Sens. 2020, 12, 2425; doi:10.3390/rs12152425 www.mdpi.com/journal/remotesensing1
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• Research and development in Earth observation, with a special focus on microwave remote
sensing and more specifically on SMOS and follow-on missions.

• Support to the European Space Agency through expert support laboratory contracts.
• Continuous generation and distribution of high-level remote sensing products.
• Geophysical exploitation of dedicated remote sensing data, with a special interest in

scientific applications.
• Fostering the use of BEC remote sensing data among academia, enterprises, and stakeholders.

BEC is now a large team of highly motivated and remote sensing specialist people carrying out
the scientific and operational activities in all processing levels of different missions. At the moment
we are around 20 people; among us are permanent staff, post-doctoral contracts, visiting scientists,
and Ph.D. students working on a wide variety of topics:

• Improvements in calibration, image reconstruction, and stability of radiometric data.
• Synergy of observations from different sensors and data sources.
• Retrieval of geophysical variables: forward modeling and non-linear inversion.
• Validation and quality control.
• Assimilation into atmospheric and ocean models.
• Generation of added-value products at levels 3 and 4.

This book aims to be a tribute to the work done over the last 10 years at the BEC and to the entire
team that has made the BEC one of the main remote sensing centers in Spain.

2. Overview of Contributions

The contributions reported in this book are structured in three different blocks: contributions
to remote sensing data processing; ocean remote sensing applications; and land remote sensing
applications,

2.1. Remote Sensing Data Processing Algorithms

The book starts with an analysis of the different methods for reducing the reconstruction error in
microwave interferometric radiometers with a large field of view in Corbella et al. [3]. First, the authors
propose estimating the reconstruction error contribution through the application of a brightness
temperature model outside the fundamental period. Second, they present image reconstruction
algorithms implemented on a minimum grid size that allows maximizing the efficiency of numerical
processing. Last, they describe a method to reduce Gibbs oscillations based on an improved apodization
window over the reconstructed image. The proposed algorithm shows similar performance with
respect to the nominal one.

The second chapter, from Oliva et al. [4], is dedicated to describing the improvements gained by
the SMOS level 1 operational processor. The authors performed a quality analysis of the enhanced
algorithms that included an end-to-end processing of three years. The results confirmed that the new
version of the SMOS level 1 operational processor deals with improvements in the SMOS measurements.
The new version of the processor is foreseen to be used in the third reprocessing campaign for the
SMOS measurements.

In the third chapter, Rubino et al. [5] present a new methodology to derive vertical total electron
content (VTEC) maps from the radiometric measurements. The proposed methodology is an alternative
approach to the one currently implemented in the SMOS data processor, which has the advantage of
being independent of external databases and models. This new approach uses spatiotemporal filtering
techniques with optimized filters to be robust against the thermal noise and image reconstruction
artifacts present in SMOS images.

The block finishes with a chapter dedicated to analyzing the potential of the Copernicus Imaging
Microwave Radiometer (CIMR) mission for the global monitoring of sea-surface salinity (SSS) using
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level 4 (gap-free) analysis processing, lead by Ciani [6]. Since there are no planned missions to
guarantee continuity in the remote SSS measurements after SMOS and SMAP, CIMR could cover that
gap, since it will carry an L-band radiometer. The CIMR mission is in a preparatory phase with an
expected launch in 2026. In this paper, they study the potential of CIMR within the CMEMS SSS
operational production after the SMOS era. They demonstrate that the combined use of in situ and
CIMR observations improves the global SSS retrieval compared to a processing wherein only in situ
observations are ingested. Therefore, they conclude that CIMR can guarantee continuity for accurate
monitoring of the ocean surface salinity from space.

2.2. Ocean Remote Sensing Applications

This section starts with a chapter in which an impact assessment of assimilating SMOS sea-surface
salinity data into a coastal ocean model is presented in Phillipson and Toumi [7]. The results of this
study show that the assimilation of SSS and SSS combined with SSH consistently provides the best
results in the Congo river plume analysis.

The next chapter from Alucino et al. [8] is dedicated to a comparison of the performance of the
SMOS SSS maps within the performance of in situ high-resolution glider measurements collected in
the framework of the Algerian Basin Circulation Unmanned Survey (ABACUS). The Algerian Basin
(located in the Mediterranean Sea) presents complex ocean circulation, wherein the fresh Atlantic
water is mixed with the more saline Mediterranean water. The study shows some limitations of the
satellite data to describe small spatial structures that are captured by in situ. However, at the spatial
scales resolved by the satellite, the SSS in situ and satellite measurements are in a good agreement,
providing an averaged difference of −0.11 PSU with a standard deviation of 0.26 PSU.

The following two chapters deal with sea-surface currents. In the first, from Isern-Fontanet et al. [9],
the relationship between satellite salinity and temperature data to correct the buoyancy and to retrieve
ocean currents by using the SQG approach is explored. The study is focused in the Alboran Sea where
the altimetric maps have some limitations for capturing the ocean currents. The results of this study
show that the good sampling of infrared radiometers allows at least retrieving the direction of ocean
currents in this area. The second paper, from Ciani et al. [10], presents a method for the retrieval of
the sea-surface currents in the Mediterranean Sea. They combine the altimeter-derived currents with
sea-surface temperature information, to create daily, gap-free, high-resolution maps of sea-surface
currents for the period 2012–2016. The quality of the new multi-sensor current maps has been assessed
through comparisons to other surface-currents estimates, as drifting buoys trajectories, HF-Radar
platforms, and ocean numerical model outputs. The study yielded that the synergetic approach can
improve the present-day derivation of the surface currents in the Mediterranean area.

Chapter nine, from Umbert et al. [11], aims at analyzing the similarity of mesoscale and
submesoscale features observed in different ocean scalars. This study indicates that they undergo some
common non-linear processes. The results show that it is possible to assume a local correspondence
of SST and Chl-a multifractal singularities, due to the existence of a common cascade process which
makes it possible to use SST data to infer Chl-a concentration where data are lacking. Therefore,
the data fusion method was used to improve the coverage of daily Aqua MODIS level 3 chlorophyll
maps by using MODIS SST maps as a template. An assessment of the quality of the inference of level 4
Chl-a maps is also performed.

The next chapter deals with tidal fluctuations observed from remote sensing infrared SST,
from Gonzalez-Haro et al. [12]. The expected amplitude of fixed-point sea-surface temperature
(SST) fluctuations induced by barotropic and baroclinic tidal flows is estimated from tidal current
atlases and SST observations. The fluctuations considered are the result of the advection of pre-existing
SST fronts by tidal currents. In this study, regional and global estimations of these expected amplitudes
are presented. The results show that barotropic tidal motions produce SST fluctuations that may reach
amplitudes of 0.3 K, while baroclinic (internal) tides produce SST fluctuations weaker than 0.1 K.

3



Remote Sens. 2020, 12, 2425

The amplitudes and the detectability of tidally induced fluctuations of SST are discussed in light of the
expected SST fluctuations due to other geophysical processes and instrumental noise.

The remote sensing ocean application block ends with a validation of sea ice thickness (SIT)
products from Sánchez-Gámez et al. [13]. In this study, in situ SIT data acquired with upward looking
sonar (ULS) instruments on buoys from the Woods Hole Oceanographic Institution (WHOI) were used
to validate the thin SIT maps from SMOS and SMAP missions. These buoys acquired data all year
round, permitting them to overcome several limitations, thereby improving the characterization of the
L-band brightness temperature response to changes in thin SIT. State-of-the-art satellite SIT products
and the cumulative freezing degree days (CFDD) model were verified against the ULS ground truth.

2.3. Land Remote Sensing Applications

This section starts with a chapter dedicated to a comparison of six operational surface soil
moisture (SSM) products derived from SMOS and SMAP in order to diagnose their distinct features,
by analyzing their temporal and spatial characteristics, from Partal et al. [14]. The study was focused
on the Iberian Peninsula and covers the period from April 2015 to December 2017. A temporal
inter-comparison analysis was carried out using in situ SSM data from the Soil Moisture Measurements
Station Network of the University of Salamanca (REMEDHUS). Spatial analysis was conducted for the
whole Iberian Peninsula with an emphasis on the added-value that the enhanced resolution products
provide. They show an overall agreement among time series of the products regardless of their spatial
scale when compared to in situ measurements. The largest disparities between these products occur in
forested areas, which may be related to the reduced sensitivity of high-resolution active microwave
and optical data to soil properties under dense vegetation. Still, higher spatial resolutions would
be needed to capture local features, such as small irrigated areas that are not dominant at the 1 km
pixel scale.

In the next paper, Pablos et al. [15] presents an evaluation, both temporally and spatially, of
six satellite-based root zone soil moisture (RZSM) estimates obtained from SMAP, SMOS, and the
Moderate Resolution Imaging Spectroradiometer (MODIS) from March 2015 to December 2016.
The RZSM estimates are compared to in situ data from 14 stations of the soil moisture measurements
from the University of Salamanca (REMEDHUS), to assess the temporal analysis. Regarding the
spatial assessment, the resulting RZSM maps of the Iberian Peninsula were compared between
them. All RZSM values followed the temporal evolution of the ground-based measurements
well, although SMOS and MODIS showed underestimation while SMAP displayed overestimation.
The good results obtained from MODIS are notable, but it should be remarked that it uses optical
bands, which are affected by clouds. A very high agreement was found in terms of spatial patterns for
the whole Iberian Peninsula except for the extreme north area, which is dominated by high mountains
and dense forests.

The last chapter of this book, from Piles et al. [16], aims at investigating the temporal variability
of global surface soil moisture acquired with SMOS and two SM products derived from the models:
LDAS-Noah and ERA5. The soil moisture time series are decomposed into a linear trend, interannual,
seasonal, and high-frequency residual components. The relative distribution of soil moisture variance
among its temporal components is illustrated at selected target sites with distinct vegetation type
and seasonality. A global assessment of the dominant features and the spatial distribution of soil
moisture variability are also provided. Results show that SMOS data provide coherent and reliable
variability patterns at both seasonal and interannual scales. The observed linear trends, based upon
one strong El Niño event in 2016, are consistent with the known El Niño Southern Oscillation (ENSO)
teleconnections. This work can help further our understanding of the terrestrial branch of the water
cycle and of global patterns of climate anomalies.

4



Remote Sens. 2020, 12, 2425

3. Conclusions

The contributions reported in this special issue are based on research on remote sensing techniques
and its applications to better monitor and understand the changes the oceans, soils, and cryosphere
are undergoing on a warming planet. These are the topics on which the BEC team has been working
for the last ten years, and they also drive the future lines of research on which the BEC’s strategic plan
is based. This book is a tribute to the efforts made by all the people that have contributed to building
up the BEC and also aims to be an inspiration for the work to be done in the future at the BEC.
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Abstract: In microwave interferometric radiometers with a large field of view, as for example the
Microwave Imaging Radiometer with Aperture Synthesis (MIRAS) onboard the Soil Moisture and
Ocean Salinity (SMOS) satellite, one of the major causes of reconstruction error is the contribution
to the visibility of the brightness temperature outside the fundamental period, defined on the
basis of reciprocal grids. A mitigation method consisting of estimating this contribution through
the application of a brightness temperature model outside the fundamental period is proposed.
The main advantage is that it does not require any a posteriori addition of artificial scenes to the
reconstructed image. Additionally, a method to avoid the sophisticated matrix regularization and
inversion techniques usually applied in microwave interferometry is presented. Image reconstruction
algorithms are implemented on a minimum grid size in order to maximize their numerical efficiency.
An improved method to apply an apodization window to the reconstructed image for reducing
Gibbs oscillations is also proposed. All procedures are generally described considering the single
polarization case and successively implemented applying the MIRAS layout in both its single
polarization and full polarimetric modes. Results show similar performance of the proposed
algorithm with respect to the nominal one applied by SMOS. All algorithms are implemented
in the MIRAS Testing Software and have been successfully used for scientific studies by other teams.

Keywords: interferometric radiometry; image reconstruction; error correction

1. Introduction

Interferometric radiometers are passive imaging instruments whose operation is based on the
Van Cittert–Zernike theorem. Their main advantage with respect to other kinds of radiometers is
that they do not need moving elements to produce images, as these are entirely formed through data
processing of the raw measurements. This technique was firstly proposed for earth observation in Le
Vine et al. [1] and Ruf et al. [2]. One of the most representative examples is the Microwave Imaging
Radiometer with Aperture Synthesis (MIRAS) [3,4] embarked on board the SMOS (Soil Moisture and
Ocean Salinity) satellite [5], launched by the European Space Agency in 2009 and still providing useful
geophysical data to the scientific community.

As originally derived for optical signals, the Van Cittert–Zernike theorem states that the mutual
intensity of a radiation is the two-dimensional Fourier Transform of the intensity distribution across
the source. In microwave radiometry terms, the visibility function is the two-dimensional Fourier
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transform of the brightness temperature image. An inverse Fourier transform should then allow
recovering of the brightness temperature from the calibrated visibility measurements. Nevertheless, in
wide field of view instruments, those imaging an extended source covering most of the space in front
of the antenna, there are non-negligible effects such as antenna patterns differences, obliquity factor,
decorrelation, crosstalk and others that alter substantially this basic relation [6,7].

The visibility function is measured by cross-correlating all pairs of analytic signals collected by
individual antennas. Assuming these ones evenly distributed on a fixed structure (as in the MIRAS case,
shown in Figure 1) the visibility function becomes sampled at discrete points (u, v) on a space-limited
regular grid [8]. Since the visibility equation is ultimately a Fourier transform, the recovered brightness
temperature is affected by aliasing in case the antenna separation fails to meet the Nyquist rate, which
is usually the case. In addition, the fact that the visibility is limited in space (due to the instrument’s
finite size) is equivalent to having a spatial filter that sets the spatial resolution of the recovered map
and produces ripples in sharp transitions (Gibbs effect). Moreover, the combined effects of antenna
pattern differences and spatial decorrelation make the visibility equation depart from a simple Fourier
transform, inducing errors even in the alias-free field of view [9].

Figure 1. Microwave Imaging Radiometer with Aperture Synthesis (MIRAS) instrument layout and
coordinate definition. Courtesy of AIRBUS Defence and Space [formerly EADS CASA Espacio].

The objective of this paper is to present an alternative image reconstruction algorithm for 2D
interferometric radiometers. The algorithm is tested on a set of real measurements acquired by the
MIRAS sensor, from which good results consistent with those obtained through the SMOS nominal
processing chain are obtained. The paper is organized as follows: The main steps of the algorithm
as well as MIRAS characteristics relevant to its application are described in Section 2; the results of
the image reconstruction relying on the proposed algorithm are presented in Section 3; the discussion
about these latter and those used by the SMOS nominal processing is given in Section 4; and finally
the main conclusions are summarized in Section 5.
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2. Methods

The main steps of the proposed image reconstruction algorithm are here presented by referring
to the case of a single polarization measurement, and later extended to the case of a full polarimetric
one. The algorithm is applied to the specific layout of the MIRAS radiometer (Figure 1). After
the introduction of the visibility Equation (Section 2.1) and its conversion into a linear system of
equations (Section 2.2), the algorithm develops through regularization of the matrix associated to the
linear system of equations (Section 2.3), its inversion (Sections 2.4 and 2.5) and image reconstruction
(Section 2.6). Lastly, the case of including the apodization into the processing chain is evaluated in
Section 2.7 and the case of full polarimetric measurements is assessed in Section 2.8. Application to the
MIRAS radiometer is illustrated throughout all the sections when needed.

2.1. Visibility Equation

The visibility equation to be used in aperture synthesis radiometry, derived in Corbella et al. [6],
is a modified version of the Van Cittert–Zernike theorem to include the effect of the coupling between
receivers and to fulfill the principle of energy conservation. In the single polarization case, after
canceling the contribution of the receivers’ physical temperature (i.e., approach 2 of Corbella et al. [8])
it is given by:

V(u, v) =
∫∫

ξ2+η2<1

T′(ξ, η)e−j2π(uξ+vη)dξdη, (1)

where T′(ξ, η) is the so-called “modified Brightness Temperature”, expressed as:

T′(ξ, η) = T(ξ, η)
Fk(ξ, η)F∗

j (ξ, η)√
1 − ξ2 − η2

√
ΩkΩj

r̃kj

(
− uξ+vη

f0

)
, (2)

in which T(ξ, η) is the scene brightness temperature, Fk,j are the complex field antenna patterns for
the two elements k and j, Ωk,j is their corresponding antenna solid angles and r̃kj( ) is the normalized
fringe washing function [6], which depends on the receivers’ frequency responses. Only in the case
of having identical antennas and neglecting the fringe washing function, the modified brightness
temperature (Equation (2)) becomes independent of the specific antenna pair and Equation (1) reduces
to a two-dimensional Fourier transform V(u, v) = F [T′(ξ, η)].

The domain variables for visibility (u, v) and brightness temperature (ξ, η) are defined as

u = (xj − xk)/λ0 v = (yj − yk)/λ0

ξ = x/r η = y/r,
(3)

where (x, y) are the Cartesian coordinates of the observation point located at a distance r from the
instrument. This latter is assumed to be centered on the origin of coordinates and aligned with the
z = 0 plane, with the antennas at coordinates (xk,j, yk,j) (see discussion below). Finally, λ0 is the
wavelength at the center frequency f0, and ξ and η are the director cosines of the observation point
with respect to axes x and y respectively, often expressed as a function of the elevation and azimuth
angles (θ, φ) as ξ = sin θ cos φ and η = sin θ sin φ.

The antenna pattern of a given element Fk(ξ, η) characterizes the electromagnetic field radiated
by the whole structure when this particular element is active and no signal is applied to the rest.
The antenna position (xk, yk) in Equation (3) is the point at which its phase pattern is referenced to.
To measure the embedded antenna pattern, the whole structure must rotate around a mechanical
center of coordinates, so the radiated field becomes proportional to Fk0(ξ, η)e−jkr/r where k = 2π/λ

is the wave number and Fk0(ξ, η) the pattern referenced to the coordinate center. The antenna phase
pattern can then be referenced to any arbitrary position (xk, yk, zk) by expressing r as r = rk + (r − rk),
with rk the distance from this position to the observation point. For large distances, the differential
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length can be approximated by r − rk ≈ ξxk + ηyk + γzk where γ = z/r = cos θ is the third director
cosine. The antenna pattern with phase referenced to coordinates (xk, yk, zk) is then

Fk(ξ, η) = Fk0(ξ, η)e−jk(xkξ+ykη+zkγ). (4)

Using this equation, the “antenna position” (xk, yk, zk) can be chosen arbitrarily as long as the
pattern phase is referenced to it. The position of the center of a sphere on which the phase variation of
Fk(ξ, η) is minimum is the antenna phase center, but this is not necessarily the best choice. In what
follows, without loss of generality, the antenna positions are assumed to be equal to the nominal values
and patterns are referenced to them. If antennas are properly designed, these positions should not be
far away from their respective phase centers. And this is the case for SMOS.

In consequence the visibility (Equation (1)) is sampled at the the (u, v) coordinates corresponding
to the nominal antenna positions (Equation (3)) using the regular distribution of antennas within the
instrument in the z = 0 plane, as shown in Figure 1 for the MIRAS case.

2.2. Discretization and G-Matrix

To solve Equation (1) the director cosine domain (ξ, η) must also be discretized. The visibility
equation becomes then a linear system of equations V = GT, where G is a complex matrix whose
elements are function of the individual antenna patterns [8], V is the vector of visibilities in the (u, v)
space and T the vector of brightness temperatures in the director cosine space (ξ, η). The G-matrix,
defined as linear operator relating visibility to brightness temperature, was originally proposed in
Tanner et al. [10]. In principle, recovering the brightness temperature requires only inverting the
system of equations: T = G−1V. However, the G-matrix just defined happens to be ill-conditioned [11],
so the solution is not straightforward.

The G-matrix has as many rows as visibility samples, including those corresponding to zero
spacing (single antenna). For an instrument having N antennas there are N(N − 1)/2 complex rows
(MIRAS, with N = 69, has 2346) and as many real rows as number of antennas used to measure the
antenna temperature (visibility at zero spacing). The current nominal SMOS processing uses only one,
but there is a backup mode that uses all or a selected set of antennas for the visibility at the origin [12].
The number of columns of the G-matrix is the total number of grid points (ξ, η) that fall inside the unit
circle defined as ξ2 + η2 < 1.

Using Equations (1) and (2), the elements of the G-matrix are written as

Glm = ΔξΔη
Fk(ξ, η)F∗

j (ξ, η)√
1 − ξ2 − η2

√
ΩkΩj

r̃kj

(
− uξ+vη

f0

)
e−j2π(uξ+vη) (5)

where the values of (u, v) and (ξ, η) are those of their respective grids and ΔξΔη is the elementary area
(see Section 2.4).

2.3. Hermiticity and Redundant Baselines

Given the hermiticity property of the visibility V(−u,−v) = V∗(u, v), for each complex row of the
G-matrix an additional one can be added by changing the signs of u and v, provided the corresponding
row of the visibility vector is conjugated. This operation has to be performed before dealing with the
redundant baselines.

Redundant baselines are those having identical (u, v) values. Even though they correspond to
the same visibility sample, they provide slightly different measurements with respect to each other
because of the diverse antenna patterns of the involved elements. Considering two redundant baselines,
the corresponding two distinct rows of the discretized visibility equation are:

Vl(u, v) = ∑
m

GlmTm ; Vn(u, v) = ∑
m

GnmTm, (6)

10



Remote Sens. 2019, 11, 682

where the subscripts l and n refer to two (k, j) pairs of redundant baselines and the subscript m ranges
all (ξ, η) pairs in the unit circle. Note that (u, v) is the same in both by definition of redundant baselines.
These two equations can be averaged to form a third one relating to the visibility of the same (u, v)
point to the scene brightness temperature

V̄l(u, v) = ∑
m

ḠlmTm, (7)

where V̄l(u, v) = (Vl(u, v) + Vn(u, v))/2 and Ḡlm = (Glm + Gnm)/2. This last equation can be used
for inversion without any loss of information. As a matter of fact, different complete sets of visibility
samples V(u, v) are obtained by randomly choosing unique sets of non-redundant baselines. For each
one, the corresponding visibility function becomes related to the same brightness temperature image,
so the image reconstruction algorithm for each of them should yield the same result in the absence of
noise and errors. So only one set of non-redundant visibilities is enough to fully recover the brightness
temperature. Averaging all measurements of the same (u, v) is not needed in the ideal case but has the
effect of thermal noise reduction in practice.

The averaging operation must also be performed for the zero spacing visibility, which has a
redundancy order equal to the number of antennas used to measure the antenna temperature.

After hermiticity extension and averaging of redundant visibilities, the number of rows of the
G-matrix becomes equal to the total unique points in the (u, v) domain. In MIRAS it is equal to
2791, of which one is real and the rest are complex. These two operations notably improve the
G-matrix condition number, acting as a regularization method to make image reconstruction feasible.
This method was used in both references [8] and [13], although these references do not mention
it explicitly.

2.4. Aliasing and Floor Error

Since the visibility equation is fundamentally a Fourier transform, discretization grids for regular
sampling in both domains must be reciprocal to each other. The lattice depends on the overall geometry:
Rectangular for U-shaped instruments [14], or hexagonal [15] for Y-shaped (MIRAS), hexagonal [16] or
triangular ones. In any case, the visibility sampling coordinates (u, v) are a subset of the grid points
in the fundamental period (a square for rectangular grids and a star or an hexagon for hexagonal
grids). The minimum number of grid points in the fundamental period needed to include all measured
samples is N2

T where NT = 4NEL + 1 for a hexagonal or triangular instrument, NT = 3NEL + 1 for a
Y-shaped instrument or NT = 2NEL + 1 for a rectangular instrument [8]. In all cases, NEL is the number
of elements in one arm. Since MIRAS has NEL = 21, it follows that NT = 64 in this case (The SMOS
Level 1 Operational Processor uses NT = 196). The number of points in the fundamental period of
the corresponding (ξ, η) reciprocal grid is also N2

T . If reciprocal grids are used, the elementary area
ΔξΔη in Equation (5) becomes then equal to 1/(N2

Td2) for rectangular grids or 1/(N2
Td2 sin 60◦) for

hexagonal grids [8] where d is the minimum antenna spacing normalized to the center wavelength.
Figure 2 shows the MIRAS reciprocal grids for NT = 64. The fundamental hexagon is depicted

in blue in both domains, the green star in (u, v) includes all measured visibility points and their
conjugate ones; and the extension of the (ξ, η) grid to the unit circle is drawn in gray. Both fundamental
hexagons have the same number of points, in this case equal to 642 = 4096. A larger value just enlarges
the (u, v) hexagon while keeping the star shape identical, and provides a thicker grid in (ξ, η) [8].
The fundamental hexagon in this domain has a fixed side, independent of the number of points, equal
to 2/(3d) where d is defined in the previous paragraph. This hexagon always falls inside the unit circle
if d > 1/

√
3.
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Figure 2. MIRAS reciprocal grids for visibility (left) and brightness temperature (right) using NT = 64.
Fundamental hexagons in both domains are drawn in blue. Two areas with hermitic (u, v) points are
highlighted in the left plot. Unit circles aliases are added in the right plot.

A Fourier transform needs zero padding to complete the (u, v) fundamental period. The resultant
modified brightness temperature is then obtained in the (ξ, η) fundamental period. The periodic
repetition of the phase produces the well known phenomenon of aliasing, resulting in that the same
image is repeated at all adjacent periods. All unit circle aliases for the MIRAS case are depicted in
Figure 2. The zone in which these circles do not overlap is the alias-free field of view. Out of it, the
image is always contaminated with replicas of other areas of the same image. In principle, error-free
imaging is only possible in the alias-free field of view unless the overlapped image content is null,
as for example in the case of having a small target in the center of the field of view surrounded by
a very low background. Contrarily, for wide field of view imagers, aliasing is a strong source of
errors. Changing the normalized antenna spacing d to a value lower than the Nyquist sampling rate
(1/2 for rectangular grids and 1/

√
3 for hexagonal grids) would make the circle be inscribed within

the fundamental period, so eliminating the aliases.
For the minimum MIRAS reciprocal grid of Figure 2, the total number of (ξ, η) points within

the unit circle is Np = 8491, so this is the number of columns of the G-matrix in this case. Splitting
the columns into the fundamental hexagon GH and the rest of the unit circle GNH (see Figure 2),
the discretized visibility equation can be written as

V =
[

GH GNH

] [ TH
TNH

]
= GHTH + GNHTNH, (8)

where the same nomenclature applies to TH and TNH. Clearly, inverting only the G-matrix in the
fundamental hexagon T = G−1

H V neglects the term GNHTNH and produces what is sometimes called
“floor error” [17,18]. Contrarily to the case of aliases in Fourier inversion, this one also spreads into the
alias-free field of view unless considering identical antenna patterns and no fringe washing function.
In this limiting case, imaging with G-matrix is equivalent to an inverse Fourier transform and the floor
error is reduced to the aforementioned aliasing error.

In any case, the floor error can be mitigated by subtracting from the visibilities an estimation based
on a forward a priori brightness temperature model outside the hexagon MNH. Using Equation (8),
the equation to invert becomes

V − GNH MNH ≈ GHTH , (9)

which leads to
TH ≈ G−1

H (V − GNH MNH) = G−1
H V − FE MNH, (10)

where FE = G−1
H GNH is the floor error matrix. Even though computationally expensive, the floor error

matrix is specific of the sensor and thus needs to be computed only once.
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In conclusion: Image reconstruction is carried out by multiplying the inverse of the regularized
G-matrix in the fundamental hexagon by the measured visibilities and substracting from the result an
estimation of the floor error, which is equal to the product of the floor error matrix times a scene model
outside the fundamental hexagon. Needless to say, the closer the model to the actual image, the lower
the reconstruction error.

2.5. Matrix Extension and Inversion

Assuming that the regularization described in Section 2.3 has been applied and that the minimum
reciprocal grids are used, the complex matrix GH has, in the MIRAS case, 2791 rows and 4096 columns,
corresponding respectively to the (u, v) unique grid points with measured visibilities (green star of
Figure 2) and the fundamental hexagon in (ξ, η). Its condition number is about 3.2. The matrix GH
can thus be inverted using a Moore–Penrose pseudoinverse algorithm, as in Corbella et al. [8], by a
conjugate-gradient method as in Camps et al. [13] or by other methods listed also in this reference.

A different approach is proposed here. First, the matrix is extended in the (u, v) domain (rows)
up to the whole principal hexagon (blue dots of Figure 2) using an average antenna pattern and unit
fringe washing function. Using Equation (5), the G-matrix rows corresponding to the blue dots in
Figure 2 (left), that is outside the star, are computed as

Glm = ΔξΔη
|F̄n(ξ, η)|2√
1 − ξ2 − η2Ω

e−j2π(uξ+vη). (11)

The extended G-matrix becomes then square with size N2
T × N2

T and keeps the condition number,
so it can be straightforwardly inverted with standard algorithms. Note that, if all antenna patterns
were substituted by the average pattern and the fringe washing function was neglected, this extended
G-matrix would be a Fourier matrix with all columns multiplied by the average antenna pattern.
The product GHT would become then equivalent to the product of a Fourier matrix and the modified
brightness temperature, as expected. The proposed method can be viewed as a modification of the
Fourier inversion to include different antenna patterns. Although not specifically reported elsewhere,
this inversion method has been successfully implemented in the MIRAS Testing Software [19] since its
first version.

2.6. Image Reconstruction

The brightness temperature map is recovered by multiplying the calibrated visibility by the
inverted extended GH matrix. For X or Y polarization the brightness temperature is real and G−1

H is
hermitic, so the first term of Equation (10) can be written as

G−1
H V =

[
G−1

H

∣∣∣
A

G−1
H

∣∣∣
0

G−1
H

∣∣∣
B

] ⎡⎢⎣ VA
V0

VB

⎤
⎥⎦ = G−1

H

∣∣∣
0

V0 + 2�e
[

G−1
H

∣∣∣
A

VA

]
, (12)

where the subscript 0 refers to the origin (u = v = 0) and A and B are two grid point subsets (matrix
columns) having opposite (u, v) signs. The ones used in the MIRAS Testing Software are shown in
Figure 2 but the splitting is arbitrary. For points outside the star the visibility is ignored (see comment
below about zero padding), so the corresponding columns of G−1

H are not used. The last equality in the

above equation holds because of the hermiticity property of visibility function. Since both G−1
H

∣∣∣
0

and
V0 are real, this equation can be written in a more compact form as

G−1
H V = �e

{[
G−1

H

∣∣∣
0

2G−1
H

∣∣∣
A

] [ V0

VA

]}
. (13)
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In MIRAS, using the minimum reciprocal grids, this operation involves the multiplication of a
4096 × 1395 complex matrix by a complex vector of 1395 elements.

If the complex polarimetric brightness temperature Txy is being imaged, the full G−1
H matrix

should be used instead of its real part, although points outside the star should also be discarded.
The second term of Equation (10) does not depend on the measurement since it is computed using

a model outside the hexagon. The hermiticity property of the X and Y polarizations can also be used
to reduce the size of the floor error matrix in this case.

FE = �e

⎧⎨
⎩
[

G−1
H

∣∣∣
0

2G−1
H

∣∣∣
A

] ⎡⎣ GNH

∣∣∣
0

GNH

∣∣∣
A

⎤
⎦
⎫⎬
⎭ . (14)

The size of the MIRAS single polarization floor error matrix using the minimum size grids is
always 4096 × 4395 corresponding to the (ξ, η) points in both the fundamental hexagon and outside it
respectively. This matrix is real for Tx and Ty and complex for Txy.

A final comment about zero-padding is worth mentioning. The above equations detail the computation
of each one of the two terms of Equation (10) separately but in a consistent way. Considering the version
of this equation written at the first equal sign (that is TH = G−1

H (V − GNHMNH)), it comes out that zero
padding outside the star means using in these points the product GNHMNH, but not zero. In practice this
needs not to be done explicitly, as it suffices just to ignore the columns of G−1

H outside the star.

2.7. Apodization

Due to the limited visibility coverage in the (u, v) plane, the reconstructed brightness temperature
is affected by the Gibbs effect showing ripples around abrupt changes in the original scene, as for
example coastlines. As it is well known from Fourier imaging, ripples can be reduced at the
expense of degrading spatial resolution by using an apodization window in the original domain.
In Corbella et al. [8] the apodization window was directly applied to the measured visibilities, which
is correct if a Fourier inversion is used but it is at least questionable for the G-matrix technique. A more
rigorous approach is to window the Fourier components of the reconstructed brightness temperature
image. In this case, the apodized brightness temperature is related to the reconstructed brightness
temperature T by

Tapodized = F−1{WF{T}}, (15)

where W is the window function, which in SMOS is always of Blackman type.
The reconstructed brightness temperature is defined in the (ξ, η) fundamental hexagon, so its

Fourier components, to which the window function is applied, are defined in the (u, v) fundamental
hexagon. The DFT operation involved in Equation (15) assumes implicitly that the reconstructed
brightness temperature (T) is a periodic function in (ξ, η) replicating itself in hexagons adjacent to the
fundamental one. Since in typical SMOS images the earth disk is at the bottom of the hexagon and
the sky at the top, there are abrupt changes at the border of the fundamental period that may induce
ripples. To mitigate them, constant temperature levels are subtracted from the sky and earth zones so
as to have a zero mean image. Specifically, the constant temperature subtracted to the sky pixels is
computed as the median of the recovered image in them, while the value subtracted to the Earth pixels
is computed so as to cancel the Fourier component at the origin. The consequent reduction of the
contrasts within the image cause the minimization of the associated ripples. The constant temperatures
are added back after Fourier inversion.

This approach is strongly inspired on the incremental visibility image reconstruction method
proposed in Camps et al. [13]. In that case, however, the method was applied to visibilities instead to
frequency components, but the idea is the same.
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2.8. Full Polarimetric Case

Considering a baseline formed by two dual-polarization antennas, the full polarimetric discretized
visibility equation [20] can be written in terms of G-matrices as

Vxx = GRR
xx Tx + GCC

xx Ty + GRC
xx Txy + GCR

xx Tyx (16)

Vyy = GCC
yy Tx + GRR

yy Ty + GCR
yy Txy + GRC

yy Tyx (17)

Vxy = GRC
xy Tx + GCR

xy Ty + GRR
xy Txy + GCC

xy Tyx (18)

Vyx = GCR
yx Tx + GRC

yx Ty + GCC
yx Txy + GRR

yx Tyx, (19)

where, for example, GRC
xy denotes the G-matrix computed according to Equation (5) using the Reference

(co-polar) pattern of the X polarization antenna and the Cross-polar pattern of the Y polarization
antenna. The terms marked in boldface are the dominant ones, in case of antennas with negligible
cross-polar patterns, as considered in Equations (1) and (2).

Averaging redundant baselines, adding hermitic points and extending the matrix to the
full hexagon is here carried out for each of the sub-matrices using the procedures detailed in
Sections 2.3 and 2.5. Once this is done, the combination of the four equations can be written as
V = GT where now G is a matrix with dimension 4N2

T × 4Np, where N2
T is the total number of points

in the fundamental hexagon and Np the number of points in the unit circle (4096 and 8491 respectively
for the MIRAS minimum grid). The floor error mitigation through the application of a model outside
the fundamental period can be carried out in the polarimetric case in exactly the same manner as done
for a single polarization. The part of the extended G-matrix inside the fundamental period has now a
size of 4N2

T × 4N2
T and, when inverted, provides as result a square matrix:

G−1
H =

⎡
⎢⎢⎢⎣

IG11 IG12 IG13 IG14

IG21 IG22 IG23 IG24

IG31 IG32 IG33 IG34

IG41 IG42 IG43 IG44

⎤
⎥⎥⎥⎦ , (20)

where IGij are submatrices of size N2
T × N2

T .
Applying the hermiticity property to the matrices of the first two rows using the procedures of

Section 2.6 the following equations are obtained:

Tx = �e

{[
IG11

∣∣∣
0

2 IG11

∣∣∣
A

] [ Vx0

VxA

]
+
[

IG12

∣∣∣
0

2 IG12

∣∣∣
A

] [ Vy0

VyA

]
+ (21)

+
[

IG13

∣∣∣
0

2 IG13

∣∣∣
A

] [ Vxy0

VxyA

]
+
[

IG14

∣∣∣
0

2 IG14

∣∣∣
A

] [ Vyx0

VyxA

]}
,

Ty = �e

{[
IG21

∣∣∣
0

2 IG21

∣∣∣
A

] [ Vx0

VxA

]
+
[

IG22

∣∣∣
0

2 IG22

∣∣∣
A

] [ Vy0

VyA

]
+ (22)

+
[

IG23

∣∣∣
0

2 IG23

∣∣∣
A

] [ Vxy0

VxyA

]
+
[

IG24

∣∣∣
0

2 IG24

∣∣∣
A

] [ Vyx0

VyxA

]}
,

Txy = IG31Vx + IG32Vy + IG33Vxy + IG34Vyx, (23)

in which the rows of the inverted G-matrix outside the star are always discarded. Note that, by
definition, Tyx = T∗

xy, so there is no additional equation for this term. Implementation wise it is found
that this identity holds to the machine precision, which is a consistency indicator.
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The floor error matrix is computed analogously to the case of single polarization measurements
(Section 2.6) but using the larger G-matrix defined here. The result is a matrix four times the size of
that for single polarization.

3. Results

The image reconstruction methodology outlined in the previous sections is fully implemented
in the MIRAS Testing Software [19]. This tool is being systematically used for scientific studies as a
flexible alternative to the nominal SMOS Level 1 data products and with successful results, as reported
for example in González-Gambau et al. [21].

Exploiting the processing capabilities of this software, the proposed algorithm was tested relying
on a set of real MIRAS measurements. Specifically, a SMOS orbit was processed in full polarimetric
mode (Section 2.8) using the all-LICEF calibration approach [12]. Figure 3 shows the retrieved
geo-located images at X- and Y-polarizations corresponding to a single snapshot acquired on 24
January 2019 at 21:44 UTC, when the satellite was passing over the coast of Australia during an
ascending orbit. The Blackman window is applied using the methods in Section 2.7.

Figure 3. Geo-located images, in the extended alias-free field of view, of the two snapshots of Figure 4.

Figure 4 shows the brightness temperatures of same snapshot in the (ξ, η) plane. Clearly, the
image reconstruction algorithm is able to capture all the scene features in the whole hexagon, not
only in the alias-free field of view. Ocean, land and sky areas are clearly distinguished and, at this
scale, aliases impact is minor. Differences between Tx and Ty are due to the stronger Ty increments
associated to both the sea/land and Earth/sky transitions with respect to Tx. The model used to cancel
the floor error [MNH in Equation (10)] consists of a constant value in land zones (258 K for X-pol and
285 K for Y-pol), specular reflection in ocean areas using Fresnel reflection coefficients with climatology
salinity and temperature [22], a constant 8.5K to account for atmospheric effects and the L-Band sky
and Galaxy map available as auxiliary file in the SMOS data base.

Figure 5 shows the X-polarization case with both terms of Equation (10) drawn separately as well
as the difference between them, which is the final reconstructed image. The left panel shows the result
of multiplying the calibrated visibility by the inverse of the G-matrix (first term of Equation (10), the
center panel is the floor error and the right panel the corrected image. As expected, the floor error
is very small in regions where the earth aliases do not enter into the hexagon, which is the so-called
“extended alias-free field of view”, nominally used in SMOS images (as in the geo-located images of
Figure 3). Most of the artifacts of the raw image at the left are effectively removed in the corrected one.
Specifically, strong improvement in the image reconstruction is found in the sky area as well as in both
the bottom left and right strips. Contrarily, much lower effects are exhibited in the extended alias-free
field of view, where the floor error is minimum. Later it will be shown that there is indeed a small
improvement in this area. Apodization of the corrected image with a Blackman window, using the
procedure of Section 2.7, provides the final result seen at the left of Figure 4.
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Figure 4. Image reconstruction result of two individual Soil Moisture and Ocean Salinity (SMOS)
snapshots over the coast of Australia. Left is for X-pol and right is for Y-pol.

Figure 5. Floor error correction of the X-pol snapshot of Figure 4. Left and center images are first and
second terms of Equation (10) respectively, and the difference is shown at right.

The scale of Figure 4 does not allow one to assess the effect of the floor error correction in
the alias-free field of view. This is only possible using a differential image, plotting the brightness
temperature bias with respect to its expected value. Additionally, averaging several snapshots is
desirable in order to reduce thermal noise. Both requirements can be met if the scene is limited to
snapshots over the ocean, for which a very comprehensive model is available from the SMOS science
community (The authors would like to thank Joseph Tenerelli (OceanDataLab, France) for providing
the ocean forward model).

Figure 6 shows the bias with respect to the model of all snapshots ranging in a latitudinal range
of [−40◦,−5◦] over the Pacific ocean in an ascending orbit of 28 January 2011 (chosen quite often
for these kinds of analysis by the SMOS Level 1 team). In the area imaging the sky, the model is the
standard SMOS Galaxy map. All four polarimetric products are included in Figure 6, brightness
temperature at X and Y polarizations and real and imaginary parts of the complex brightness
temperature. Basic statistics, referring to the alias-free field of view only, are shown at the bottom of
each panel of Figure 6. Namely, spatial standard deviations and mean values are indicated by σ and
T respectively. The relatively large negative bias in the Y-pol image may be due to poor modeling at
high incident angles. In any case, these residual error images are compatible with the ones obtained
with the SMOS Level-1 Operational Processor and have similar statistics.
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Figure 6. Spatial bias computed as the difference between the reconstructed brightness temperature
and a model for the ocean. Blackman window is applied.

The same images have been produced without correcting the floor error, that is using only the first
term of Equation (10). Results are shown in Figure 7. In this case, the error outside the alias-free field
of view increases dramatically, especially in the areas in which the earth enters the hexagon. In the
alias-free field of view there is a small impact in spatial bias, quantified in the standard deviation
shown at the bottom. In all cases it increases with respect to the numbers provided in Figure 6. Note
that the extended alias-free field of view is quite well recovered even if no correction is applied.

Figure 7. Spatial bias of Figure 6 without removing the floor error.
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4. Discussion

Years before SMOS launch in November 2009, methods for 2D interferometric radiometer imaging
were derived by different groups with the aim of having working algorithms as soon as visibility
measurements were provided by MIRAS [8,11,23]. Radioastronomy heritage showed to be not directly
applicable due to different instrument layouts, as for example the reduced antenna spacing, and
especially because of the larger instantaneous field of view typical of earth observation. Working with
simulated data it was early discovered that after a complete forward-backward simulation of a known
scene, the original brightness temperature was not perfectly recovered even in the alias-free field of
view. This misfit was called “scene-dependent bias” and was attributed to an underdetermination
of the mathematical problem. An efficient mitigation algorithm was proposed in Corbella et al. [24],
used in Anterrieu et al. [25] and improved later in Camps et al. [13]. This consists of subtracting
from the visibility measurements different contributions estimated by simulation, and inverting the
resultant “differential visibilities”. Some of the contributions are later added back to the reconstructed
image to recover the final brightness temperature map. The most recent implementation of this idea,
described in Khazâal et al. [26], is included in the version 7 of the SMOS Level 1 Operational Processor.
The method, even in its simplest version, is highly effective in canceling the sky aliases so expanding
the alias-free field of view—limited by the unit circle aliases—to the extended alias-free field of view,
limited by the earth shape. In its latest version [26], using a sophisticated model as “artificial scene” it
is able to further reduce the error in the alias-free field of view.

All these methods are based on inverting only the portion of the G-matrix inside the fundamental
hexagon discarding the rest. As already pointed out in Corbella et al. [17], discarding the G-matrix
outside the fundamental hexagon is responsible for the appearance of the aliases. If all antenna patters
were identical, this error would become limited to only the aliasing regions. In the real case, with
different antenna patterns, the error is indeed larger in these regions but spreads also in the alias-free
field of view (see center panel of Figure 5). The G-matrix in the whole unit circle is always used to
estimate the corresponding visibility of the model or artificial scene, so imaging differential visibilities
can be interpreted as removing an estimation of the aliases.

Using the concept of extended G-matrix of Section 2.5, it is easily shown that the method of
imaging differential visibilities is equivalent to removing the floor error. The reconstructed brightness
temperature from differential visibilities is

T = G−1
H (V − GM) + MH = G−1

H V − (G−1
H G − U)M, (24)

where U is a matrix with the same size of G equal to the identity matrix for the columns inside the
hexagon and zero outside U = [I 0]. In this equation, the G-matrix is extended, so having as many
rows as number of points in the fundamental (u, v) hexagon, and thus GH is a square and invertible
matrix. The first term of this equation is the same as that of Equation (10). The second term can be
expanded as

(
G−1

H

[
GH GNH

]
−
[

I 0
]) [ MH

MNH

]
=
[

0 G−1
H GNH

] [ MH
MNH

]
= G−1

H GNH MNH, (25)

which coincides with Equation (10). It is important to point out that this is only true if the visibility
simulation of the model uses a G-matrix in the full unit circle defined in the same grid as the one used
for inversion. That is, the matrix inverted is a subset of the complete one. Conceptually, a different
matrix could be used since V = GT is just a mathematical model of what the instrument actually
measures. Also, the equivalence shown is based on the use of the extended G-matrix concept defined
in Section 2.5. Different implementations of matrix inversion in Equation (24) are not equivalent.
The main advantage of using the floor error matrix defined in Equation (10) is that processing does not
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require estimating visibilities with the full G-matrix and does not require adding back any artificial
scene to the result. It is a correction applied directly to the reconstructed image.

The outcome of the proposed methodology is the brightness temperature map of the scene.
This is not the case for the SMOS Level 1 Operational Processor which, based in the proposal
of Anterrieu et al. [11], defines the Level 1B data as the spatial frequency components of the brightness
temperature. This is done through the concept of J-matrix, the concatenation of the G-matrix
with the Fourier operator as dully explained in Khazâal et al. [26]. This approach is a different
method to regularize the system of equations that relates all measured visibility, including redundant
baselines, to brightness temperature. Due to redundancies the G-matrix in this case is ill-posed but
the corresponding J-matrix is well behaved and can be inverted. As pointed out in Section 2.7, since
the brightness temperature is not a periodic function, when recovering it from the corresponding
frequencies, ripples can appear in the limits of the fundamental hexagon. In practice, this does not
happen due to the imaging of differential visibilities used in the processor. The Level 1B data consists
actually of frequency components of the difference between the brightness temperature and an artificial
scene. After reconstructing the map including apodization, the latter is added back. Versions prior to 7
of the SMOS Level 1 Operational Processor use as artificial scene a constant in the earth disk and a sky
map for the sky. In the end the constant earth is added to all points, and this is why the nominal SMOS
images at Level 1B in the full hexagon show high temperature in the sky (see Figure 8). Here it has
been shown that averaging redundant baselines improves the condition of the matrix and makes it
invertible, so there is no need to compute the J-matrix. As a post-processing, however, the frequency
components are computed in order to apply the Blackman window, as explained in Section 2.7.

For completeness, equivalent images as those shown in Figures 4 and 6 are provided respectively
in Figures 8 and 9 using SMOS Level 1B data read from the ESA SMOS Online Dissemination Service,
produced by version 6.21 of the SMOS Level 1 Operational Processor.

Figure 8. Same snapshots as in Figure 4 but using data from the SMOS Level 1 Operational Processor
version 6.21. Deimos Engenharia, Lisbon (Portugal).

Figure 9. Cont.
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Figure 9. Same differential images as those in Figure 6 but using data from the SMOS Level 1
Operational Processor version 6.21. Deimos Engenharia, Lisbon (Portugal).

5. Conclusions

Accurate brightness temperature retrieval in 2D interferometric radiometers with a large field of
view is not straightforward. The simplest approach consists of applying an inverse Fourier transform,
which provides reasonable results in the alias-free field of view but large errors outside. The G-matrix
approach takes into account individual differences between antenna patterns and also the fringe
washing function and thus provides images of improved quality. In any case, the major error
contribution is localized in the alias regions where brightness temperatures from several spatial
directions overlap. For zones where the overlap is the sky the impact is low, but where aliases are
produced by the earth it may become significant, affecting also the alias-free field of view. The origin
of these errors is found in the contribution to the visibility of the brightness temperature from
directions that fall outside the fundamental period. Subtracting an estimation of these visibilities
to the measurements greatly reduces the error. Correction is carried out through the definition
of the floor error matrix and relying on a brightness temperature model defined only outside the
fundamental period.

Expressing the visibility equation as a linear system of equations, image reconstruction can
be implemented through the inversion of the associated matrix, called G-matrix. Unfortunately,
the G-matrix results are ill-conditioned and cannot be inverted without regularization. This is obtained
by averaging redundant visibilities and extending the G-matrix to fill the whole hexagon in the (u, v)
plane, resulting in a square and well-conditioned matrix that is easy to invert. Using this approach,
combined with the floor error removal, provides high quality images in the full hexagon, and especially
in the extended alias-free field of view. The method is applicable to the full polarimetric operation of
SMOS, with the only difference being increasing the size of the G-matrix. Results of SMOS complex
images and full polarimetric error maps over ocean demonstrate the procedure.

The inversion method presented in this paper uses the minimum number of grid points, allowing
for very fast and efficient programming. It has been implemented in the MIRAS Testing Software for
several years and is being successfully used by science teams for salinity and soil moisture retrievals.
In any case, the procedures outlined are not intended to replace the ones used by the SMOS Level 1
Operational Processor, but they are presented to the community with the objective of reporting other
means of solving the same problem with similar results.
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Abbreviations

The following abbreviations are used in this manuscript:

SMOS Soil Moisture and Ocean Salinity
MIRAS Microwave Imaging Radiometer with Aperture Synthesis
DFT Digital Fourier Transform
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Abstract: After more than 10 years in orbit, the SMOS team has started a new reprocessing campaign
for the SMOS measurements, which includes the changes in calibration and image reconstruction that
have been made to the Level 1 Operational Processor (L1OP) during the past few years. The current
L1 processor, version v620, was used for the second mission reprocessing in 2014. The new version,
v724, is the one run in the third mission reprocessing and will become the new operational processor.
The present paper explains the major changes applied and analyses the quality of the data with
different metrics. The results have been obtained with numerous individual tests that have confirmed
the benefits of the evolutions and an end-to-end processing campaign involving three years of data
used to assess the improvements of the SMOS measurements quantitatively.

Keywords: SMOS; calibration; radiometry; reprocessing

1. Introduction

The Soil Moisture and Ocean Salinity (SMOS) mission is the second Earth Explorer mission
of the European Space Agency (ESA). The satellite was launched in November 2009 and has been
continuously operating ever since, with an excellent health status. Data acquisition is in the order
of 99.88%, and processing performance is above 99%. As such, the ESA has continuously provided
nominal and near-real-time data for the past 10 years since the end of the commissioning phase.
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The original objectives of soil moisture [1] and sea surface salinity [2] have been complemented with
new applications, such as to thin sea-ice thickness, severe winds over ocean and freeze/thaw soil state
products [3]. The satellite contains a single payload, the MIRAS (Microwave Imaging Radiometer using
Aperture Synthesis), the first ever space-based L-band interferometric radiometer [4]. Even though
interferometric radiometers have long been used by radio-astronomers, having such an instrument
space-based for earth observation missions has presented several challenges. More than ten years after
launch, the SMOS team continues to improve the calibration and the image reconstruction processes.
As a result of this, new processor versions are developed, and when the changes in quality are
considered important, the SMOS team prepares for a new reprocessing. Currently, SMOS is preparing
the third mission reprocessing with the L1OP v724. The Methods section provides an overview of the
changes involved in the new version with respect to the v620 operational version used in the second
mission reprocessing. The Results section assesses the end-to-end improvements of the data.

2. Methods

In this section, we present the improvements that were applied to the v620 processing baseline
to form the new v724 processing baseline. A high-level overview of the SMOS Level 1 processing
baseline is presented in Figure 1.

Figure 1. High-level architecture of the SMOS Operational processing baseline.

The improvements in the new L1OP were applied to the calibration process and the image
reconstruction processing. The improvements for these two categories are presented below in
separate sub-sections.

2.1. Changes in Calibration

Calibration is a process where raw MIRAS data, including, e.g., cross-correlations between all
the pairs formed by the 72 MIRAS receivers, counts of the receivers’ total power detectors, and noise
injection radiometer pulse lengths, are turned into radiometric observables like antenna temperatures
and power levels. The calibration of the MIRAS instrument as a whole is a complex process including
several steps. An overview of the calibration process can be found, e.g., in [5].

For the v724 processing baseline, five main improvements were done in this calibration process.
They are improvements related to the following:

- Noise injection radiometer (NIR) calibration strategy.
- NIR antenna losses.
- Power measurement system (PMS) sensitivity factors.
- PMS heater correction.
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- Thermal latency of the temperature sensor in NIR antennas.

In the following sub-sections, we describe these updates in detail.

2.1.1. NIR Calibration

Analysis of the second mission reprocessing led to the following conclusion: the calibration of the
NIR parameters, the noise injection temperature (Tna) and the level of the noise injection (Tnr) [6] were
introducing a bias in the stability of the measurements. This was evident when looking at the bias of
the measurements over a large portion of the Pacific open ocean with respect to the ocean forward
model [7]. The comparison of those biases showed a large negative correlation with the variation
in the main NIR calibration parameter, Tna. Figure 2 shows such a comparison for X polarisation
measurements in ascending orbits.

Figure 2. Bias of the Xpol SMOS measurements for ascending orbits over the Pacific Ocean (blue) for
the period 2010–2015 and the NIR calibration parameter Tna (green).

A computation of the correlation factor between the two variables is provided in Table 1.

Table 1. Correlation factor between brightness temperature bias as computed over the ocean and NIR
calibration parameter Tna.

Polarization Ascending Descending

X polarisation −0.97 −0.88

Y polarisation −0.96 −0.74

This high (negative) correlation factor between bias and the NIR calibration parameter suggests
that the NIR variations present in NIR calibration parameter Tna are not real, but artefacts established
by some non-ideality in the instrument model, and, further, that the NIR unit reference temperature
Tna is extremely stable.

NIR calibration is performed during external manoeuvres, during which the instrument points
upwards to the cold sky [5]. During this process, the temperature of the NIR antennas’ patches
gets colder and outside the nominal temperature range of the instrument. Clearly, the current
NIR instrument model, and especially its thermal parametrization, is not able to account for such
circumstances. This realisation introduced two main changes to the SMOS calibration. On one hand,
starting in 2014, SMOS NIR calibration manoeuvre has been done keeping the Sun at approximately
10 degrees above the antenna plane to avoid getting in a thermal range different from the one during
science measurements. On the other hand, the NIR parameters Tna and Tnr were set to a fixed value
for the third mission reprocessing. These changes have improved the stability of the measurements.
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2.1.2. Antenna Losses

In SMOS, the NIR antenna losses are divided between the antenna patch (L1) and the feeding
circuits in the innermost part of the antenna (L2) as shown in Figure 3. They are at different physical
temperatures. The innermost part of the antenna (Tp6) is within the thermal control, whereas the
antenna patch is more exposed to the temperature fluctuations of outer space (Tp7).

Figure 3. Schematic diagram of the structure of the V-channel of the NIR. L stands for loss, Tp for
physical temperature, TA for antenna temperature and Tcas for the Calibration Subsystem (CAS) noise
temperature [6].

NIR antenna patch losses have been the most challenging problem in SMOS calibration as both L1

and L2 are outside the radiometer’s internal calibration loop. A wrong characterisation of the antenna
losses introduces variations in the measurements. These variations are related to the variations in the
physical temperature of the antenna.

The basic equation for the antenna temperature retrieval at NIR is

TA = −L1L2TNAη+ L1L2[LNCLALDA(TU − Tt2) − Tt1], (1)

where TA is the antenna temperature as measured by the NIR, L1 is the antenna patch loss, L2 is the
intermediate layer antenna loss, η is the NIR pulse length, Lnc, LA and LDA are losses of different
sections of the cables connecting the antenna to the receiver, TU is the load noise temperature and Tt1
and Tt2 are

Tt1 =
L1 − 1
L1L2

Tp7 +
L2 − 1

L2
Tp6, (2)

Tt2 =
(LNC − 1)

LNCLALDA
Tp3 +

(LA − 1)
LALDA

TCab +
(LDA − 1)

LDA
TpU, (3)

and TNA is the value measured during calibration, and corresponds to

TNA =
−TA,cal + L1L2

[
LNCLALDA

(
TU,cal − Tt2,cal

)
− Tt1,cal

]
ηL1L2

, (4)

where “X,cal” indicates the value of parameter “X” obtained during the calibration against the cold sky.
Now, if we analyse the equation as a function of the L1 uncertainty using error propagation, we get

ΔTA
ΔL1

=
∂TA
∂L1

+
∂TA
∂Tt1

∂Tt1
∂L1

+
∂TA
∂TNA

∂TNA
∂L1

, (5)
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and finally

ΔTA =
ΔL1

L1

⎡⎢⎢⎢⎢⎢⎢⎣
L1L2[TLD − Tt1] − TA

L1L2
[
TLD,cal − Tt1,cal

]
− TA,cal

(
Tp7,cal − TA,cal

)
−
(
Tp7 − TA

)⎤⎥⎥⎥⎥⎥⎥⎦, (6)

where
TLD = LNCLALDA(TU − Tt2), (7)

This equation, as given, is difficult to interpret, but by making some realistic numerical simulations,
we realised that in a scenario where the calibration was obtained at a Tp7 of 295 K, errors in the L1

antenna patch loss would propagate to TA at a different rate depending on the Tp7 during measurement.
Figure 4 shows how an error in the antenna losses characterisation will introduce an error in the
antenna temperature that will be a function of the temperature of the antenna patch (Tp7).

Figure 4. Expected error in the antenna temperature as a function of the error in the antenna losses (L1),
for simulated scenarios with different temperatures, when the calibration of the NIR was obtained at a
temperature of Tp7 = 295 K.

Therefore, errors in the antenna loss characterisation should be correlated with the variations of
the antenna physical temperature, which is exactly what has been observed in SMOS.

Initially, just after launch, the on-ground characterisation values for L1 and L2 were used. Later,
during SMOS’s first mission reprocessing, an antenna thermal model was introduced to correct for
variations observed during NIR external calibration manoeuvres. However, the antenna thermal model
was quickly abandoned, as the instrument became more stable following the initial months in orbit.
For the second mission reprocessing, the team derived a method to calibrate the antenna losses in
orbit [8]. Antenna losses were measured every 15 days, and, since the values were stable, the average
value was used for the entire reprocessing. This correction was key to improve the stability of the
data in the second mission reprocessing. The calibration procedure could only measure the antenna
losses for whole of the antenna patch and the inner part of the antenna (L1 and L2 losses respectively).
But the antenna patch and the innermost part of the antenna in SMOS suffer different temperature
excursions. Introducing the correct split in the total antenna loss between L1 and L2 is key for obtaining
good instrument stability. This split was obtained by assessing the brightness temperature variations
over the ocean against an ocean forward model for Stokes-1 measurements and applying the same
antenna loss value at the H and V polarisations.
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In the third mission reprocessing, it became evident that a different split was necessary for H and
V polarisation, as the antenna has different patch for each polarisation. The exercise was then repeated
for each of the two polarisations [9]. Figure 5 shows the variations in the brightness temperature biases
over ocean as a function of the physical temperature differences between the antenna patch and the
innermost part of the antenna, when the L1 antenna loss has been set to 0 dB. The plots show a clear
slope in the data, which can account for the antenna losses. NIR-CA H pol L1 antenna loss was set to
0.27 dB, and V polarisation L1 was set to 0.14 dB. L2 values were set to the difference between the total
loss as measured by calibration and the corresponding L1 values (L2 equals 0.19 for H and 0.30 for
V polarisation for NIR-CA; the other two NIR units are not used to derive the antenna temperature,
but their values can be found in [9]).

Figure 5. Variations of brightness temperature biases over the ocean as a function of temperature
variations between the antenna patch and the innermost part of the antenna, for H polarisation (left)
and V polarisation (right).

2.1.3. PMS Sensitivities

The sensitivity of the power measurement system (PMS) gain to physical temperature variations
was first characterised by the receiver supplier and later verified on-ground at instrument level during
the test in thermal vacuum conditions at the Large Space Simulator (LSS) at ESTEC [10], and then again
during special calibration events in the SMOS commissioning phase [11]. The latter values have been
used until now for adjusting the temperature sensitivity. However, a recent analysis of the variations
of the PMS gain through the years showed that the pre-launch PMS sensitivities provide for a more
natural behaviour of the PMS gain’s aging with time. Figure 6 shows PMS behaviour for receiver
LICEF C10 (LICEF stands for lightweight cost-effective front end). As it is seen, using the pre-launch
sensitivities provides the best cancellation of the PMS gain oscillations due to physical temperature
swings. Similar results are seen in other receivers. For the third mission reprocessing, PMS sensitivities’
pre-launch values were used again.

2.1.4. PMS Heater Correction

A known problem in the SMOS instrument, which was detected during the thermal tests at the
LSS chamber, was PMS offsets jumps following the instrument heater switching from on to off and
vice versa. A correction was introduced early in the mission to mitigate this effect, which consisted of a
delayed voltage offset with respect to the heater status transition, but the problems were still noticeable,
particularly for a few receivers [11].

30



Remote Sens. 2020, 12, 1645

Figure 6. SMOS PMS gain for receiver LCF_C10 over the years. The blue line indicates the value
as measured during the calibration event at the physical temperature during the calibration event.
The cyan line and black line show the PMS gain transported to 21 degrees Celsius using the second
mission reprocessing and pre-launch PMS sensitivities, respectively.

A more careful analysis showed that the jumps related to the heater status do not correspond to a
simple delayed offset, but that the behaviour follows a double exponential [9]. Figure 7 shows the
PMS voltages for a calibration event, where a constant noise from an internal warm load source was
introduced at the receivers.

Figure 7. PMS voltages for LICEF C-03 when a constant noise source is introduced. In green, the status
of the heater is depicted. Red crosses for the PMS voltage indicate that the heater is on and blue crosses
show when the heater is off.

Based on this analysis, the correction applied, ΔV, was set to

ΔVON = αONi(Vi −Vmax)
(
1− e

−t
τON_1i

)
+ βONi(Vi −Vmax)

(
1− e

−t
τON_2i

)
, (8)

ΔVOFF = αOFFi(Vi −Vmax)e
−t

τOFF_1i + βOFFi(Vi −Vmax)e
−t

τOFF_2i , (9)

where Vi is the current PMS value without correction for each of the 72 receivers, in volts. Vmax is
the maximum measurable PMS, set to a value of 2.5V. α, β, τON and τOFF are fixed constants for each
receiver that empirically determine the double exponential behaviour, and t is the number of epochs
since the corresponding transition of the heater status (on to off, or vice versa).

The validation of this correction was performed by means of a relative comparison of the antenna
temperature of one receiver to the average of all receivers. Figure 8 shows the behaviour for L1OP
v620 (delay heater correction) and for L1OP v724 (double exponential heater correction). The new
correction clearly reduces the obvious PMS offset jumps due to the heater status.
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(a) 

(b) 

Figure 8. Difference between the antenna temperature measurement of receiver LCF_C_03, with respect
to the average of all receivers, when applying the v620 delayed offset heater correction (a) and when
applying the new v724 double exponential heater correction (b). The colour of the points in both plots
indicates the status of the heater: red when the heater is on and blue when it is off.

2.1.5. Antenna Patch Thermistor Correction

Another aspect that was discovered during the second mission reprocessing analysis was an
increased bias immediately following the Sun’s eclipse by the Earth, relative to the instrument.
This effect clearly pointed to another problem related to temperature variations. While the instrument
backend is kept under thermal control [McMullan et al., 2008], the antenna patches suffer large thermal
excursions. Those changes are monitored by three thermistors placed at the screw of each NIR antenna
patch (Tp7 in Figure 3) and are used in the NIR radiometric equation presented in Section 2.1.2.

The team considered that the reading of the thermistor did not properly describe the temperature of
the antenna patch and proposed a correction [12]. The correction was introduced based on the observed
thermal latency during inertial external manoeuvres. During these manoeuvres, the instrument points
at the cold sky for several minutes. However, Tp7 thermistor readings take a long time to stabilise to a
constant temperature. The thermistor reading was considered to be thermally coupled to the innermost
part of the antenna through the antenna screw, inside whose head the thermistor is mounted. As such,
the thermistor reading is not fully representative of the antenna patch region. The team decided then to
apply a correction to the thermistor reading by assuming that the temperature to which the thermistor
stabilises at the end of the external manoeuvre is the actual temperature during the entire inertial
manoeuvre. The following correction was derived:

ˆTp7 = Tp7 − 1
LP

dTp7

dt
, (10)

where ˆTp7 is the corrected thermistor temperature, Tp7 the actual thermistor reading, and LP a constant
that was estimated to be −0.0031.

The correction was then used to process the ocean brightness temperature, and the bias with
respect to the forward model was re-assessed. The impact of this correction is a clear mitigation of the
bias observed during the eclipse period. Figure 9 shows the Y polarisation brightness temperature bias
observed over the ocean with and without the Tp7 correction applied. The increased bias in the eclipse
is observed around 35N to 60N degrees in latitude during the Northern Hemisphere (NH) winter
months in the left plot.
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(a) 

(b) 

Figure 9. Hovmoller plot showing Y pol BT bias over the ocean as a function of time and latitude with
(a) and without (b) the Tp7 correction.

2.2. Changes in Image Reconstruction

Image reconstruction is a process where the calibrated MIRAS data are turned into radiometric
maps that can be projected on the Earth’s surface. For the v724 processing baseline, three main
improvements were made to this process. They are improvements related to

- Gibbs phenomena correction.
- The use of a sea-ice mask.
- Correction of the Sun’s influence in the images.

In the following sub-sections, we describe these updates in detail.

2.2.1. Gibbs-2 Algorithm

The so-called Gibbs-2 algorithm is an evolution of the Gibbs-1 algorithm applied to SMOS
measurements since its launch. Originally, the Gibbs correction aimed to reduce the Gibbs artefacts that
appeared in the image following large BT transitions between land and ocean (or sky and Earth) due
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to limited coverage in the visibility domain. Soon after, the team realised that the correction not only
reduces the Gibbs artefacts but also a floor error induced in the retrieved images due to dissimilarities
in the antenna patterns and the aliasing [13,14]. Gibbs-1 correction reduces this so-called floor error
by removing a constant brightness temperature (BT) in the reconstruction process, which reduces the
visibility values before inversion, and adding it back at the end of the inversion process. In Gibbs-2,
the process has evolved to include the use of an artificial scene as close as possible to the observed
one. This artificial scene, Va, uses a Fresnel model over the ocean and a constant value (250 K) over
land. Figure 10 shows an example of the artificial scene as used in the image reconstruction processor.
The visibilities of this artificial scene are computed using an SMOS instrument model:

Va = GTa, (11)

where Ta represents the modelled BT of the artificial scene, G is the instrument model, and Va are the
visibilities derived from the Ta scene.

Figure 10. Artificial scene of one SMOS observation of the Iberian peninsula and northern Africa.

Then, the image reconstruction algorithm is applied over the following differential linear problem:

V −Va = G(T − Ta), (12)

yielding to the following retrieved BT:

Tr = U∗ZJ+(V −Va) + Ta, (13)

where U is the Fourier transform operator, Z is the zero-padding operator beyond the SMOS frequency
coverage, J = GU*Z is the image reconstruction operator used in the SMOS processor and J+ is the
pseudo-inverse of J [15].

2.2.2. Sea-Ice Mask

The calculation of the artificial scene used in the Gibbs-2 algorithm described above is based on the
use of a fixed global land–ocean mask. In fact, we identify the land and ocean pixels within the field of
view and assign a constant value over land and the Fresnel forward model over ocean. To improve the
accuracy of the artificial scene in seasonal sea-ice growth, we have developed an operational strategy
to measure the sea-ice extension from the actual SMOS measurements and apply this extension to the
artificial scene. Measurements are collected for 10 days, then a mask of the percentage of sea ice over
the ocean is derived and this mask is used in the Gibbs-2 algorithm with a constant value of 250 K
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(same as for land pixels), as can be seen in Figure 11. In the third mission reprocessing data, the mask
computation will be aligned with the data that is applied. However, in nominal operations, the mask
will be applied, typically with a 12-day delay from the moment it first started estimating the extension.
Errors derived from this 12-day delay were analysed and resulted to be much lower than those present
when not applying the correction at all.

Figure 11. Mask showing the extensions of land/ice pixels versus ocean pixels, as derived from January
2010 SMOS BT measurements.

Figure 11 shows that the sea ice detected by SMOS BT measurements goes beyond the
continental surfaces.

2.2.3. Super-Sampled Sun Correction

L-band observations of the Sun disk showed that its BT emissivity is not spatially homogeneous [16].
Sunspots tend to have much larger BT emissions than other Sun regions. The Sun correction applied
to SMOS during the second mission reprocessing considered the Sun as a point source. The team
considered this correction to be insufficient and derived a new method to correct for the Sun BT
emissions to take into account those spatial inhomogeneities Figure 12.

Figure 12. L-band BT emission of the Sun [16].
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The so-called super-sampled Sun correction applied in L1OP v724 estimates the BT of multiple
spots within the Sun disk, minimising the differences between the simulated signal and the BT
observations in an area around the Sun and in the Sun tails [17].

VSun =
∑

iV1kiTi, (14)

where VSun are the visibilities of the Sun as a function of the 1K visibilities (V1ki) computed for each of
the sub-sample points’ times and Ti corresponds to the BT estimated for each of those points from the
following equation:

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
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[Ti] (15)

where:

• F−1(V −VG2)1 is the inverse Fourier transform of the difference between the measured visibilities
and the Gibbs-2 synthetic visibilities;

•
〈
F−1(V −VG2)0

〉
represents the average value over the clean ‘o’ pixels surrounding the sun disc

and is calculated as the average of the inverse Fourier transform of the difference between the
measured visibilities and the Gibbs-2 synthetic visibilities.

• T0 is the first estimate of the Sun temperature, obtained assuming the Sun as a point source.
• w is a weight to be finely tuned to get the best compromise in condition number versus sensitivity

(for now fixed at 106).
• nPOS is the number of over-sampled points, fixed to 37 in the L1OP.
• 1,.., j,..,n is the number of points polluted by the solar radiation, including the disc of the sun and

the tails.
• V1K1, . . . , V1KnPOS are the system response functions calculated over the over-sampled grid.
• F−1(V1Ki)n∗ is the inverse Fourier transform of V1K1 calculated over the polluted pixel.
• Ti is the set of estimated temperatures for the 37 points of the sun disc. It has been shown in [17]

that the solution to this problem is explicit.

This correction succeeds in better reducing the residuals of solar radiations, as shown in Figure 13.

 
(a) (b) 

Figure 13. Time standard deviation of 100 snapshots over the ocean, with the Sun alias present at
approximately [0.4, −0.15], with the old Sun correction (a) and the super-sampled correction (b).
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Figure 13 shows that the new super-sampled Sun correction reduces the variations in the
measurements along the Sun tails and within the Sun alias disk.

2.2.4. Sun Correction in the Back

SMOS measurements showed that the radiation coming from the Sun is observed even in the case
the Sun is behind the antenna plane, through the antenna back-lobes [18].

The team considered that it was important to correct for this foreign source radiation and applied
the Sun correction algorithm described in [19] and later modified in [20], even in the case the Sun was
behind the antenna. Figure 14 shows the bias observed in the data before and after the extension of the
Sun correction in the back.

  
(a) (b) 

Figure 14. SMOS biases from a measurement in the Pacific after removing the expected forward model
when the Sun is in the back of the instrument before (a) and after (b) the Sun BT correction in the
back [18].

3. Results and Discussion

The changes applied in the v724 version of the processor have been analysed using a dedicated
end-to-end processing campaign that involved 3 years of data. The results presented hereafter
show the improvement of the data quality in different metrics, such as reduction of the spatial
biases, improvement of stability, reduction of land–sea contamination biases for certain polarisations,
better match to in-situ measurements and reduction of the χ2 in the soil moisture retrievals.

3.1. Orbital and Seasonal Stability

The quality of the stability of the measurements is established by comparison with the ocean
forward model. In this case, one of the metrics used by the SMOS team is the one provided by the
Hovmoller plots showing the biases observed in the Pacific open ocean in time and latitude. This metric
allows us to assess both the orbital stability (variation along the vertical axis) and the seasonal stability
(variation along the horizontal axis). The analysis is done independently per polarisation and separately
for ascending and descending passes.

Figure 15 shows an example of the stability of the measurements in the second mission
reprocessing [21] and the expected behaviour for the third mission reprocessing, for both X and
Y polarisations. Descending orbits suffer the most from larger instrument thermal dynamics and are
always more prone to measurement instabilities.

37



Remote Sens. 2020, 12, 1645

(a) (b) 

(c) (d) 

Figure 15. Hovmoller plots showing the bias between measurement and model averaged over the
entire extended alias-free field of view for descending orbits for (a) v620 X polarization, (b) v724 X
polarization, (c) v620 Y polarization and (d) v724 Y polarization.

Figure 15 shows that both the orbital and seasonal instabilities have been reduced in the third
mission reprocessing. A further metric to assess the improvement in stability is the standard deviation
of these Hovmoller plots. The values in Table 2 show an important reduction of the instabilities.

Table 2. Mean bias for the v620 data (second mission reprocessing) and the 724 data (third mission
reprocessing), computed in the Pacific region between latitudes 45S and 10N.

Orbit Pass Polarization
Second Mission

Reprocessing
Third Mission
Reprocessing

Ascending X 1.73 K 0.57 K

Y 1.41 K 0.35 K

Descending X 1.67 K 0.56 K

Y 1.37 K 0.52 K

3.2. Spatial Biases

Spatial biases have been one of the largest challenges in the SMOS image reconstruction process [21,
22]. The Level 2 Ocean Salinity Processor uses the ocean target transformation (OTT) technique to
reduce them [23,24], but this technique only works well in scenes whose brightness temperature is
roughly stable, such as measurements in the open ocean. Near the coastlines, or for any measurement
over land, the technique does not work properly. Therefore, it is of utmost importance that the spatial
biases are minimised at the image reconstruction level. The changes introduced in the v724 processor
have considerably reduced the spatial biases in the extended alias-free field of view.

Figure 16 shows the spatial biases for X and Y polarisation. A very important aspect to note in the
spatial bias improvement in Y polarisation is the reduction of a negative gradient from top to bottom
of the OTT image.
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(a) (b) 

(c) (d) 

Figure 16. Spatial biases for descending orbits in (a) v620 X polarization, (b) v724 X polarization,
(c) v620 Y polarization and (d) v724 Y polarization.

3.3. Land–Sea Contamination

Another critical aspect of the SMOS radiometric measurements is the land–sea contamination.
This refers to the increase in the bias that occurs in the ocean measurements near land masses and
vice versa. The adjustments in calibration and the new Gibbs-2 image reconstruction technique have
achieved a significant improvement in land–sea contamination, even though this is still substantially
present in the third mission reprocessing. Figure 17 shows the biases, over ocean, in the global maps
for one particular month of data (June 2016) for the four polarisations for the second [21] and third
mission reprocessing. The improvements are most noticeable in Y polarisation and in the fourth Stokes
parameter. On the other hand, the contamination in Tx has changed but remains at similar levels,
and similarly for the third Stokes parameter.

In must be noted that the Level 2 Ocean Salinity Processor includes an empirical correction of
the land–sea contamination. Being able to reduce the original bias is an important aspect of the L1

processor, but almost more important is that the residual bias remains constant, which can then be
corrected empirically at Level 2. For this reason, another metric assesses the variation of the land–sea
contamination bias at Level 1 by means of the standard deviation. Figure 17 shows this metric,
over ocean, for Y polarisations only. Similarly to Figure 17, the land–sea contamination variation is
substantially reduced, mainly for Y polarisation (Figure 18) and for the fourth Stokes parameter.
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(a) 

(b) 

Figure 17. Maps of bias between SMOS measurements and the ocean forward model, showing an
increase excess of bias in regions near the coast, known as land–sea contamination. (a) all four
polarizations for v620 and (b) all four polarisations in v724.
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(a) (b) 

Figure 18. Standard deviation of the SMOS measurements in June 2016 for v620 (a) and v724 (b).

3.4. Impact on Retrieved Soil Moisture and Vegetation Optical Depth (VOD)

As part of our standard metric protocol, new versions of L1 data are systematically processed
with the Level 2 soil moisture processor to assess the changes compared to the previous L1 processor
version. This assessment is made through spatial monthly maps showing the changes on retrieved
soil moisture and retrieved opacity along with χ2 changes. A second perspective is obtained through
time series of retrieved soil moisture corresponding to a collection of in-situ time series of measured
soil moisture for the two-year period 2011–2012 and provides quantitative metrics but for a limited
number of grid points.

For the purposes of this analysis, the same Level 2 Soil Moisture v650 processor has been used in
order to assess only the improvements in the L1 processor.

3.4.1. Spatial Maps of Retrieved Soil Moisture and Opacity

Figure 19 displays the differences in soil moisture and opacity of v724 minus v620 for the month
of June 2014, separated by ascending and descending orbit passes. The overall global change is rather
neutral, with mean differences close to 0 but with a significant variability that appears very structured
spatially. The significant changes correspond to specific areas, with contrasts between transition areas
and forest in both retrieved soil moisture and opacity. Below dense forest v724, soil moisture and
opacity tend to decrease, with patterns changing in position between ascending and descending orbits,
e.g., the North American east coast, Amazonian forest, and African Congo forest. This is probably a
signature of the Gibbs-2 correction, as the contrast of land/sea masses is not similar within the SMOS
field of view for these locations depending on the orbit pass.

The L1C v724 data generate significant changes compared to the L1C v720, and the question
whether those changes are in the right direction is addressed by the two following sections.

3.4.2. χ2 Test

χ2 is an important metric to assess the quality of the soil moisture retrievals and is used widely in
many retrieval processes. It provides a measure of the agreement (best fit) between the geophysical
modelling that resulted in the retrieved parameters and the L1 data that were used accounting for
the expected noise on the observed data. In this study, we considered rather the reduced χ2

r form,
which is χ2 divided by the number of degrees of freedom. Using χ2

r introduces a normalisation,
which is preferable as the Level 2 processor includes L1 data filtering that may result in slightly different
numbers of degrees of freedom between the two L1 datasets.

Figure 20 shows the changes of the χ2
r between v620 and v724, computed as the ratio χ2

r v724
divided by χ2

r v620 for June 2014 for ascending and descending orbits. Very similar maps are observed
at other months of the year. Ratios >> 1 (toward red colours) indicate degraded (increased) v724 χ2

r
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with respect to v620 and ratios << 1 (toward blue colours) indicate improved (decreased) v724 χ2
r with

respect to v620.
The team analysed the changes in χ2

r from v620 to v724 over land and concluded that χ2
r has

improved (reduced) significantly over most of the globe. Most exceptions are either neutral (light
blueish/reddish area) or are related to presence of radio frequency interference (RFI), especially in the
Middle East region and South Asia. All maps report a significant improvement (decrease) in v724 χ2

r
compared to v620 at global scale with distribution ratio modes marker always below 1 and strong
negative asymmetry. Many continental areas show a deep blue colour, which indicates very significant
improvements that also appear to be very stable in time for different seasons and different years.
Similar to Figure 19, Figure 20 patterns show some differences between ascending and descending
orbits. It is important to notice the good match of these blue spatial patterns in Figure 20 with the most
significant change patterns in retrieved soil moisture and opacity reported in Figure 19; where v724
introduced the strongest changes in retrieved parameters is also where the best fit has improved the
most with reduced χ2

r . Finally, using the v724 data increases the number of successful retrievals by 2%
to 3%.

 

(a) 

(b) 

Figure 19. Cont.
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(c) 

(d) 

Figure 19. Maps of averaged difference, v724–v620, over the month of June 2014 in (a) soil moisture
for ascending orbits, (b) soil moisture in descending orbits, (c) VOD in ascending orbits and (d) VOD
in descending orbitsBlue (resp., red) indicates a decrease (resp., an increase) in V724 soil moisture,
VOD compared to v620.

3.4.3. In-Situ Soil Moisture

Several networks of in-situ soil moisture measurements stations (ISMN) can be used to assess
the quality of SMOS-retrieved soil moisture. SMOS coarse resolution observations and ultra-local
in-situ measurement are not necessarily fully comparable, but become useful when assessing relative
differences between two versions of processing of the same satellite data. SMOS soil moisture retrievals
obtained from L1OP v620 data and from L1OP v724 data are compared against in-situ soil moisture
time series of 250 validation sites taken from 11 in-situ soil moisture networks (Figure 21).

SMOS retrieval data and in-situ data are first co-located in space and time by taking the SMOS
grid-points closest to the stations and by pairing in time SMOS and in-situ data of less than 7.5 min to a
maximum of 30 min of absolute time difference, depending on the in-situ network temporal sampling
characteristics. We denote the SMOS and in-situ collocated time series (St, It) and the associated
difference time series (Δt = St − It).
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(a) 

(b) 

Figure 20. Maps of averaged χ2
r ratios v724/V620 for the month of June 2014 for ascending orbit (a) and

descending orbit (b). Blue indicates that v724 improves with lower χ2 compared to v620′. The markers
located on the colour bar show the distribution variables, the mode is represented by the marker.
The 68.3% and 95.4% percentiles are shown by the inner and outer markers, respectively.

Figure 21. The 11 in-situ soil moisture networks and the position of their sites. The legend reports the
network name, its associated colour and the number of the sites we considered for a total of 250 sites.
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We computed the usual statistics and their 95% confidence intervals (CI95) obtained by bootstrap
x to assess the two processor versions. For (St, It), we computed their means and standard deviations,
μS and σS for SMOS and μI and σI for in-situ data and the correlation R. For the Δt differences,
we computed the bias, the standard deviation (STDD) and the root mean square (RMSD).

The results vary from site to site, but most of them show a better correspondence between the
in-situ measurements and the data than the v724 processor or similar performance to the v620 processor.
This is reflected by the overall performances, which are obtained by computing the statistics on the
concatenation of all sites’ time series (St, It), which are reported in Tables 3 and 4 along with their
graphic representation using Taylor diagrams (Figure 22).

 
(a) 

 
(b) 

Figure 22. Taylor diagram of overall retrieved soil moisture time series with respect to in-situ
measurement time series for ascending orbits (a) and descending orbits (b).
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Table 3. Δ time series statistics and their CI95, 95% confidence intervals, given between parentheses.

Ascending Orbits Descending Orbits

L1OP R bias STDD RMSD #data R bias STDD RMSD #data

v620 0.59
(0.016)

−0.031
(0.004)

0.076
(0.004)

0.083
(0.004) 38943 0.62

(0.017)
−0.034
(0.004)

0.078
(0.005)

0.085
(0.004) 42963

v724 0.063
(0.014)

−0.044
(0.004)

0.070
(0.004)

0.082
(0.004) 40108 0.63

(0.014)
−0.038
(0.004)

0.075
(0.004)

0.084
(0.004) 44099

Table 4. SMOS and in-situ time series statistics and their CI95, 95% confidence intervals, given
between parentheses.

Ascending Orbits Descending Orbits

L1OP μS μI σS σI μS μI σS σI

v620 0.167
(0.004)

0.198
(0.004)

0.088
(0.004)

0.081
(0.005)

0.171
(0.004)

0.205
(0.004)

0.094
(0.004)

0.082
(0.005)

v724 0.155
(0.004)

0.198
(0.004)

0.081
(0.004)

0.081
(0.004)

0.167
(0.004)

0.205
(0.004)

0.091
(0.004)

0.082
(0.004)

A Taylor diagram is a convenient 2D graphical representation focusing on the statistics R,
σ and STDD, which are by nature debiased (mean-subtracted). The so-called 3D version given in
Figure 22 makes the bias information available as a colour scale. Such a diagram is a polar coordinate
representation of (σ, R). The standard deviations of series σ are used as the radius, and the correlation,
R, with respect to a common reference is converted into an angle using acos(R). It is worth noting
that the relation between the correlation and angle is highly non-linear; a 45◦ angle is already a 0.7
correlation. The reference data is always located at the x axis (correlation 1 with itself) and with a white
marker (0 bias with itself) at the position σI, the reference being the in-situ data.

Figure 22 shows the performance of the overall retrieved soil moisture time series obtained
from L1C V620 (1) and from L1C V724 (2) against the reference in-situ time series (0). Thanks to the
concatenation, a large number of points (~40,000) allow computing reliable statistics, which result in a
narrow CI95 that does not overlap for R, bias and STD making the separation of plots significant.

Compared to v620, v724 increases the correlation with respect to in-situ data and obtains an σS

closer to σI. As usual, this is more prominent for ascending morning orbits, where Level 2 retrievals
always perform better, with better thermodynamic equilibrium at the surface and a calmer ionosphere
in the mornings than in the evenings. Different RFI contamination patterns are also likely playing
a role.

These two results indicate an increase in signal-to-noise ratio for v724, generating less noisy
retrieved soil moisture and possibly better long-term stability. However, for the latter, two years
of data is probably too short, and it is necessary to wait for the full L1 and L2 10-year reprocessed
data availability. Finally, similarly to the spatial maps, using the v724 data, provides here ~1% more
successful retrievals in these time series.

4. Conclusions

The SMOS team has started a new reprocessing campaign, the third, after several improvements
have been introduced in calibration and image reconstruction. In calibration, the changes mainly affect
the NIR calibration parameters, the NIR antenna losses, the PMS sensitivities and the correction of the
thermal coupling in one important thermistor. In image reconstruction, the changes focus on reducing
the spatial biases induced by the dissimilarities of the antenna patterns, and on reducing the Sun effects
in the image, which cannot be considered as a point source at L-band. These corrections improve the
quality of the data, as indicated by several metrics that analyse spatial biases, measurement stability,
and other image reconstruction errors, as well as by comparisons against in-situ measurements and χ2
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metrics from soil moisture retrievals. This reprocessing campaign comes just after SMOS has been in
orbit for over 10 years.
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Abstract: In this work, a new methodology is proposed in order to derive vertical total electron content
(VTEC) maps from the radiometric measurements of the Soil Moisture and Ocean Salinity (SMOS)
mission as an alternative approach to those based on external databases and models. This approach
uses spatiotemporal filtering techniques with optimized filters to be robust against the thermal noise
and image reconstruction artifacts present in SMOS images. It is also possible to retrieve the Faraday
rotation angle from the recovered VTEC maps in order to correct the effect that it causes in the SMOS
brightness temperatures.

Keywords: faraday rotation angle (FRA); vertical total electron content (VTEC); L-band; radiometry;
Interferometry; soil moisture; ocean salinity (SMOS)

1. Introduction

Over the past few years, the earth has been undergoing significant climate change and extreme
weather events. Even though the water cycle is the most influential process in this situation, it is
still relatively poorly understood. For this reason, its understanding remains a priority field under
study by different research groups. Earth’s water cycle and climate are intrinsically linked to some
geophysical variables. Two of those variables are soil moisture and ocean salinity, which change
constantly depending on the exchange of water between oceans, atmosphere, and landmasses [1].
Global measurements of both parameters were not available with a suitable temporal and spatial
resolution until 2009.

In November 2009, The European Space Agency launched the SMOS (Soil Moisture and Ocean
Salinity) mission to observe soil moisture over the earth’s landmasses and salinity over the oceans
at a global and frequent scale [2,3]. Its unique payload is MIRAS (Microwave Imaging Radiometer
by Aperture Synthesis), a two-dimensional Y-shape synthetic aperture radiometer operating in the
L-band (1.413 GHz) [4]. After more than 10 years in operation, MIRAS continues to provide good
quality full polarimetric brightness temperature (TB) [5] to generate continuous and global maps of
both geophysical variables.

MIRAS was designed to measure the radiation emitted from the earth (i.e., the brightness
temperatures (TBs)). Each scene is measured with multi-incidence angles, which are taken into account
when processing the data to construct an image (snapshot) over the extended alias-free field of view
(EAF-FoV). A block of full polarimetric data per scene is obtained every 2.4 s [6].
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As microwave radiation from Earth propagates through the ionosphere, the electromagnetic
field components are rotated at an angle, called the Faraday rotation angle (FRA), which depends
on the vertical total electron content (VTEC) of the ionosphere, the frequency, and the geomagnetic
field. At the SMOS operating frequency (1.4135 GHz), the Faraday rotation is not negligible and
must be compensated for to get accurate geophysical retrievals. It can be estimated using a classical
formulation [7] that makes use of total electron content (TEC) and geomagnetic field data provided by
external sources.

The Faraday rotation angle can alternatively be retrieved from the SMOS radiometric data. This is
possible thanks to improvements in the image reconstruction algorithms developed in the last few years,
particularly regarding the third and fourth Stokes parameters [6]. However, estimating the Faraday
rotation from SMOS radiometric data per each pixel in the SMOS field of view is not straightforward
because of the presence of spatial errors in SMOS images. Spatial ripples are due to calibration
inaccuracies, image reconstruction artifacts, and antenna pattern uncertainties [8] that limit the quality
of the retrieval. A previous work showed that the FRA can be dynamically retrieved at boresight per
snapshot directly from SMOS full-polarization TB by applying filtering techniques [9]. The results
show a good performance, but the FRA at boresight is not representative for the entire SMOS field of
view as shown in [10].

The possibility of retrieving the Faraday rotation from SMOS radiometric data opens up the
opportunity to estimate the total electron content of the ionosphere by using an inversion procedure
from the measured rotation angle in the SMOS field of view. Currently, the SMOS ocean salinity
team computes the VTEC over the ocean from the SMOS third Stokes measurements following the
procedure detailed in [11]. These VTEC retrievals have been shown to improve the salinity retrievals.
This methodology considers only the SMOS field of view region with the highest sensitivity of TB to
VTEC, and it calculates the VTEC starting with a first order approximation initiated with the VTEC
value from an external database. This value is then assigned to the entire SMOS field of view not taking
into account the VTEC spatial variation within it. Therefore, this methodology is dependent not only
on an external VTEC database but also on a forward radiative model.

The present work proposes a novel methodology to derive VTEC maps from SMOS radiometric
data over the EAF-FoV. This methodology is expected to work independently on the target measured
by the instrument. It applies spatiotemporal filtering techniques to overcome the issues involved.
The structure of this paper is as follows: Section 2 details the different data sources and the methods
used for deriving the VTEC maps from SMOS measurements. The results obtained with the novel
methodology are shown and discussed in Section 3. Finally, conclusions are drawn in Section 4.

2. Data and Methods

2.1. Faraday Rotation

The rotation angle in the polarization of an electromagnetic field is directly proportional to
the VTEC of the ionosphere, the geomagnetic field, and the sensor orientation, according to the
following equation [7,12]:

Ω f = 1.355 ∗ 104 ∗ f−2 ∗ B0 ∗ cos ΘB ∗ secθ ∗VTEC, (1)

where Ω f represents the FRA in degrees; f , the frequency in GHz (1.4135 GHz); B0, the geomagnetic
field in Tesla; ΘB, the angle between the magnetic field and the wave propagation direction; θ, the angle
between the wave propagation direction and the vertical to the surface or so called incidence angle;
and VTEC, the vertical total electron content in TEC Units (TECU) [1016electrons/m2]. Both the
geomagnetic field and the VTEC are given at a geodetic altitude of 450 km.

The geomagnetic field is obtained from the data set of the International Geomagnetic Reference
Field (IGRF) [13]. In the SMOS Level 2 operational processor, the vertical electron content used to
correct the FRA is read from a SMOS auxiliary data field called “consolidated TEC” [14] (referred to
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hereafter as the VTEC database) for ascending and descending orbits over land, and only for ascending
orbits over ocean. For measurements over the ocean in descending orbits, VTEC values are computed
from SMOS TB measurements following the methodology detailed in [11], and the so derived VTEC
values can be found in the OSDAP2 (Level 2 Ocean Salinity Data Analysis Product) [15].

The Faraday rotation can alternatively be retrieved directly from SMOS radiometric data using a
different technique. At each spatial direction, Earth’s radiation arrives at the instrument with a rotation
equal to the addition of two angles. The first one is the geometric angle (ϕ) and it is given by the third
Ludwing polarization definition [16] according to the instrument attitude and orientation with respect
to the nominal ground-referenced horizontal (h) and vertical (v) polarizations. The second one is the
FRA (Ω f ). Assuming that the h and v polarizations emitted by Earth are uncorrelated, the relationship
between the brightness temperatures in full polarization at the ground and antenna levels can be
expressed as follows [16]:
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where the superscripts represent the polarization frames.
From Equation (2), the FRA can be calculated using full-pol radiometric data as follows (equivalent

to Equation (22) of [12]):
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where 2�e(TB
xy) corresponds to the third Stokes parameter at antenna level and TB

xx and TB
yy to the

brightness temperatures in the x and y polarizations, respectively.
In a previous paper [9], the FRA was estimated from MIRAS data using spatiotemporal filtering

techniques. A unique FRA value per snapshot (at boresight) was retrieved by averaging the FRA over
a circle of radius 0.3 around the boresight in the ξ−η plane, defining ξ and η as the director cosines
with respect to the X and Y axes, respectively. Even though this methodology reproduces the natural
variation of the Faraday rotation accurately, it is not enough to use one FRA value for all the EAF-FoV
due to its spatial variation within the snapshot. Figure 1a shows the FRA over the EAF-FoV of one
snapshot over a descending orbit in October 2011. The circle of radius 0.3 is drawn in black. The FRA
was calculated using Equation (1) and reading the geomagnetic field and the VTEC from the external
datasets [14,17], respectively. The error when the boresight FRA is considered for all pixels over the
EAF-FoV is shown in Figure 1b.

 
(a) 

 
(b) 

Figure 1. Faraday rotation angle (FRA) over the extended alias-free field of view (EAF-FoV): (a) database
FRA, (b) systematic FRA error when considering the FRA value at boresight for the entire EAF-FoV.
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It is known that the VTEC and therefore the FRA vary with solar activity, which can be assessed
using sunspot numbers [18], and in a geographical and temporal way [7,19]. SMOS data is here
considered within the 24th sun cycle, which started on January 4th, 2008, with each cycle lasting
about 11 years. The sun’s peak activity during this cycle was reached on March 2014 [18,19]. It is also
important to note that the value of the FRA reaches its highest point during the year in the March
equinox due to the sun’s illumination geometry over the earth during that season.

The geographical variability of the FRA is presented in Figure 2. Equation (1) and the same
mentioned external databases were used again to calculate the FRA at the coordinates of the SMOS
boresight over a 3-day period. Two different time frames were used: one with high FRA (March 19th to
21st, 2014) and another with low FRA (January 14th to 16th, 2011). The FRA of both descending (DES)
and ascending (ASC) orbits are shown for each period (be aware of the different scales in ASC/DES
maps). Additionally, the latitude-time Hovmöller plots of the FRA for the entire mission are shown in
Figure 3 for descending and ascending orbits to show the FRA temporal variability. The FRA was
calculated over the eastern Pacific Ocean using also the database VTEC. These Hovmöller diagrams
confirm the selected periods of high and low FRA.

(a) 
 

(b) 

 
(c) 

 
(d) 

Figure 2. FRA in the Soil Moisture and Ocean Salinity (SMOS) boresight coordinates of 3 days in
different periods: (a) descending orbits in March 2014 (high sun activity), (b) descending orbits in
January 2011 (low sun activity), (c) ascending orbits in March 2014 (high sun activity), (d) ascending
orbits in January 2011 (low sun activity).

From these figures, it is perceived that descending orbits present much higher FRA and higher
dynamic ranges than ascending ones. In the afternoon local time, the surviving amount of VTEC
generated by sunlight during the preceding hours is higher than in the morning local time [19]
and because SMOS is in a 6 am—6 pm sun-synchronous orbit, the resulting FRA range is large.
Consequently, in the first stage, the analysis was focused on descending orbits. A preliminary analysis
was done during the March equinox of 2011 [20], but it was later decided to extend the study to the
March equinox of 2014 as well, because, as can be perceived in Figure 3, the highest peak of FRA in the
SMOS mission up until now corresponds to that period of time.
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(a)  

(b) 

Figure 3. Latitude–time Hovmöller plots of the boresight FRA for the full mission for: (a) descending
orbit, (b) ascending orbits.

2.2. Data Sources

2.2.1. SMOS Brightness Temperatures

MIRAS measures the brightness temperature of each scene providing a full-polarimetric block
(Tx, Ty, and Txy) every 2.4 s [16]. The MIRAS Testing Software (MTS), developed by the Polytechnic
University of Catalonia (UPC), is an independent processor used as a breadboard to test calibration
and image reconstruction algorithms before their introduction into the SMOS Level 1 operational
processor [21]. The SMOS brightness temperatures used in this work were processed by MTS from
level 0 (raw data) up to level 1C (geolocated brightness temperatures).

2.2.2. Geomagnetic Field and the Consolidated VTEC Databases

The directly proportional relationship between the FRA and the VTEC is determined by Earth’s
electromagnetic field. Thus, a geomagnetic field dataset is needed. This dataset corresponds to the
12th Generation International Geomagnetic Reference Field (IGRF) [13], which is calculated by the
International Association of Geomagnetism and Aeronomy (IAGA). It can be found in [17] and it has a
geographical resolution of 5◦ in longitude and 2.5◦ in latitude for the entire globe as well as a daily
temporal resolution.

SMOS level 1 data includes the consolidated VTEC. It is built by the SMOS Data Processing
Ground Segment (DPGS) [14], and it can be obtained in the SMOS dissemination service website [15].
The data also has a geographical resolution of 5◦ in longitude and 2.5◦ in latitude for the entire globe
but a temporal resolution of 2 h.

2.2.3. SMOS Level 2 VTEC (DTBXY Product)

The SMOS level 2 processor computes the VTEC with a methodology that uses the third Stokes
parameter and an external database of VTEC. The VTEC value is calculated for the zone of the snapshot
with highest sensitivity of TB to VTEC, which corresponds to pixels in the area around ξ = 0, η = 0.2
(ξ = 0 ± 0.025, η = 0.2 ± 0.025). Then, that value is used for the entire EAF-FoV. This VTEC is
called A3TEC [11].

This A3TEC dataset is provided in the product called AUX_DTBXY (Delta TB) [15]. The latitude
and the VTEC value per overpass are found in fields 32 and 34 respectively [22].
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2.2.4. GPS VTEC

This third VTEC source consists on VTEC maps with a temporal resolution of 2 hours and a
geographical resolution of 5◦ in longitude and 2.5◦ in latitude calculated from daily sets of GPS
differential code bias values [23]. The IGS Ionosphere Working Group (Iono-WG) calculates the VTEC,
which is named IGS Global Total Electron Content (IGSTEC). It is stored in IONEX format, and it can
be downloaded from the official server (CDDISA at GSFC/NASA).

2.3. FRA End-to-End Simulator

In order to evaluate different approaches to retrieve VTEC maps, a first version of a FRA simulator
was presented in [10]. This simulator was refined until it worked properly for the assessment.
The improved FRA simulator is explained in this section.

For each snapshot, the ξ and η coordinates defined in the antenna frame (director cosine plane)
are translated to Earth’s surface coordinates. The incidence angle θ and the geometric rotation angle ϕ
are computed using standard geometry [16]. Then, a simple geophysical model is used to simulate
the Earth’s emissions. Ocean TB are built by assuming a Fresnel model with a typical salinity value
of 35 psu and a typical sea surface temperature of 294 K. Open ocean TB images per polarization,
assuming a uniform ocean, are shown in the top row of Figure 4 (left: X-pol, middle: Y-pol, right:
third Stokes parameter).

   

   

   
Figure 4. Typical open ocean Fresnel brightness temperature snapshots per polarization (left: X-pol,
middle: Y-pol, right: third Stokes parameter). Top: Fresnel modeled brightness temperature (TB),
middle: taking into account the FRA, bottom: adding the effect of noise in addition to the FRA.

To add the Faraday rotation for each pixel, Equation (1) is used together with both the VTEC and
the geomagnetic databases. This Faraday rotation angle derived from external datasets shall be referred
to as “database FRA” from now on in this paper. Once calculated, it is added to the geometrical angle
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(ϕ) to obtain the total rotation per pixel when simulating Earth’s emissions. Open ocean TB images
taking into account the FRA are shown in Figure 4 (middle row).

Then, the effect of measurement noise is included in the simulator. To do so, first the radiometric
sensitivity per polarization is calculated. The radiometric sensitivity corresponds to the smallest
radiometric temperature that the instrument can detect. It is defined in the antenna reference frame
as follows [24]:

ΔTsens = ΔS
Tsys√

Bτe

Ωa∣∣∣Fn(ξ, η)
∣∣∣2
√

1− ξ2 − η2αw
√

Nv (4)

where ΔS corresponds to the elementary area in the (ξ, η) grid defined by
√

3d2/2; d refers to the
distance between antennas normalized to the wavelength (d = 0.875 in SMOS); Tsys corresponds to
the addition of the average antenna temperature (TA) and the average receiver noise temperature at
the antenna plane (TR), both being different per polarization (see typical values for the open ocean in
Table 1); B is the receiver noise equivalent bandwidth that in MIRAS equals 19 MHz; τe is the effective
finite integration time (τe = τi ∗Q, where τi corresponds to the integration time that is 1.2 s for pure X
and Y epochs and 0.4 s for mixed epochs and Q = 0.552 for SMOS 1 bit/2 level digital correlator [25]);
Ωa is the antenna equivalent solid angle that equals 1.4; Fn(ξ, η is the antenna pattern measured on the
ground; αw is the used window factor that in this case is a Blackman window (αw = 0.45); and Nv is
the total number of visibilities samples that in MIRAS is 2791.

Table 1. Average antenna temperature, TA, and average noise receiver temperature, TR, at the antenna
plane (typical values for open ocean).

Polarization TA [K] TR [K]

X 76.8 203
Y 95.5 206

The effect of noise is added to the TB with a normal distribution of zero mean and the standard
deviation equal to the radiometric sensitivity of each pixel. Figure 4 (bottom row) shows typical open
ocean TB images with FRA, including the effect of noise.

MIRAS measures sequentially for each polarization at different instants in time. When processing,
one single instant is used for all polarizations. This introduces an error when translating the brightness
temperatures from the x− y polarization (antenna frame) to h− v polarization (ground plane) that is
unavoidable in the processing.

VTEC maps can be calculated with the FRA estimated using the TB. These maps can then be used
in the correction of the FRA per pixel in the field of view (FoV) of every snapshot of the trace.

2.4. VTEC Retrieval from Radiometric Data

From the brightness temperature snapshots, the FRA can be retrieved by applying Equation (3).
An indetermination emerges when both the numerator and the denominator tend to 0 (TB

xx ≈ TB
yy

and 2�e(TB
xy) ≈ 0); that occurs at low incidence angles [26]. To avoid it, pixels with incidence angles

lower than 25◦ are discarded. Figure 5a shows a database VTEC snapshot from a descending SMOS
overpass over the Pacific Ocean on March 20th, 2014. Figure 5b shows the retrieved VTEC snapshot
where some pixels are affected by the indetermination of Equation (3). Figure 5c shows the retrieval
once pixels causing the indetermination of Equation (3) are rejected with the chosen threshold.

Once the FRA is retrieved, the VTEC is calculated using Equation (1). This equation presents
an indetermination when the geomagnetic field is orthogonal to the wave propagation direction,
which occurs close to the Equator, in a zone where the FRA vanishes. To avoid this indetermination,
pixels accomplishing ΘB ≈ π/2 are rejected by using an appropriate threshold established empirically
(cos ΘB < 0.27). Figure 5d shows another database VTEC snapshot from a descending SMOS overpass
over the Pacific Ocean on the same date, March 20th, 2014, in order to compare it with its retrieval
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(Figure 5e). The error introduced by the indetermination is noticeable. Figure 5f shows the retrieval
once pixels causing the indetermination of Equation (1) are rejected with the chosen threshold (pixels
causing indetermination of Equation (3) were rejected previously). It is important to remark that this
threshold is only used when the geomagnetic field is orthogonal to the signal path.

 
 

 
 

 
 

(a) (b) (c) 

   
(d) (e) (f) 

Figure 5. Vertical total electron content (VTEC) snapshots: (a) database VTEC, (b) its retrieved VTEC
snapshot with pixels affected by the indetermination of Equation 3, (c) its retrieved VTEC filtering
affected pixels, (d) another database VTEC snapshot, (e) its retrieved VTEC snapshot with pixels
affected by the indetermination of Equation (1), (f) its retrieved VTEC filtering affected pixels.

After retrieving VTEC snapshots, the geolocation is done at an altitude of 450 km in an ETOPO5
grid (1/12◦).

Figure 6 shows the VTEC maps of a descending SMOS overpass in the Pacific Ocean (March
20th, 2014) processed with the simulator (taking into account the effect of the noise). In order to have a
reference, the database VTEC can be seen in the left (Figure 6a). Because both the geographical (5◦
in longitude and 2.5◦ in latitude) and temporal resolution (2 h) of the “Consolidated TEC” is coarse,
a spatiotemporal interpolation is done in order to obtain the VTEC in that SMOS overpass in an
ETOPO5 grid. In Figure 6b, the retrieved VTEC is shown, where it is noticeable how the effect of noise
introduces errors in the retrieval.

To reduce the effect of noise and artifacts in the retrieved VTEC from SMOS data, spatiotemporal
filtering techniques are required [9]. The sizes of both filters were optimized with the simulator that
takes into account the effect of noise. To do so, the size of the spatial filter was set to 0.179 in the director
cosine plane (10 times the minimum Δξ = 0.0179) in TB snapshots and the length of the temporal filter
was varied from 15 to 83 snapshots with a step of 4 snapshots. Figure 7a shows the root mean square
error (RMSE) of the deviations with respect to the database VTEC of this optimization. The temporal
filter is an averaging triangular window considering the current snapshot with the highest weight.
Its size was then fixed to 43 snapshots (optimum value from Figure 7a) and the size of the spatial filter
was optimized by varying its radius from 0.1253 to 0.2506 with a step of 0.0179. The RMSE of this
optimization is shown in Figure 7b, where it can be seen that the optimum size of the spatial filter
corresponds to a radius of 0.1969 in the cosine plane. Finally, a fine tuning was done for the size of
both filters to select which ones to use. The optimum temporal filter corresponds to 43 snapshots,
again, and the spatial filter to 0.189 in the ξ− η plane (Figure 7c). It is important to remark that the
temporal filter is applied to TB snapshots, and the spatial filter to VTEC snapshots at the antenna
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frame. The spatial filter was also tested over the ground instead of at the antenna reference frame.
To do so, the window size of the spatial filter was calculated to be equivalent to the spatial filter at
the antenna, which corresponds to a radius of approximately 190 km over the ground. There was
not a clear improvement in the retrieval, but there was an important difference in the execution time,
with the calculation over the ground being much slower. Therefore, the spatial filter was applied at the
antenna reference frame.

 
(a) 

 
(b) 

Figure 6. VTEC of a descendent orbit over the Pacific Ocean, March 20th, 2014: (a) database VTEC and
(b) simulated VTEC retrieval.

 
(a) 

 
(b) 

 
(c) 

Figure 7. Root mean square error of the retrieved VTEC with respect to the database VTEC when
optimizing (a) the size of the temporal filter with a coarse binning, (b) the size of the spatial filter with a
coarse binning, setting an optimum temporal filter size, and (c) the size of the spatial filter with a fine
binning, setting the temporal filter with the most optimum temporal filter size.
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Hence, the methodology consists of:

1. Applying a temporal filter as a triangle filter with a window of 43 TB snapshots.
2. Computing the FRA from the TB using Equation (3), rejecting pixels with incidence angles lower

than 25◦ in order to avoid the indetermination in pixels with TB
xx ≈ TB

yy and 2�e(TB
xy) ≈ 0.

3. Computing the VTEC from the retrieved FRA using Equation (1), rejecting pixels with a threshold
of cos ΘB < 0.27 to avoid the indetermination that emerges from that equation.

4. Applying a spatial filter with a radius of 0.189 in the director cosine plane of VTEC snapshots.
5. Generating VTEC maps in an ETOPO5 grid at 450 km of altitude.

2.5. Recovered VTEC Maps with Simulated Data

The descending SMOS overpass in the Pacific Ocean on March 20th, 2014 was processed in the
simulator using the methodology described and the results are shown in Figure 8. The recovered VTEC
is shown at the left and the error of the retrieval with respect to the database is shown at the right.
The retrieved VTEC follows the variation of the database VTEC with a RMSE of 0.48 TEC units. It can
be seen that the error in the retrieval does not follow any systematic pattern. The highest error is found
close to where the geomagnetic field is orthogonal to the wave propagation direction (indetermination
in Equation (1)).

 
(a) 

 
(b) 

Figure 8. VTEC of a descendent orbit over the Pacific Ocean, March 21st, 2011 processed with the
simulator applying the proposed methodology: (a) recovered VTEC, (b) VTEC error with respect to the
database VTEC.

By applying Equation (1) with the database VTEC, an FRA reference can be obtained. Likewise,
the FRA can be computed from the retrieved VTEC for all the pixels in the EAF-FoV. Figure 9 shows
the database FRA (red) and the simulated retrieved FRA (green) as a function of latitude of a pixel
with ξ = 0 and η = 0.2, as well as the error of the FRA retrieval with respect to the database FRA.
The gap in the retrieval comes from the rejected pixels in the zone of the orthogonality that is between
the geomagnetic field and the wave propagation direction (incidence angle), where it can be seen how
the FRA vanishes.

The methodology is able to recover the FRA following the geophysical and temporal variation
with a negligible error (with a RMSE of 0.07◦), showing good performance.
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(a) 

 
(b) 

Figure 9. FRA vs. latitude of a pixel along the descending orbit: (a) database FRA (red) and retrieved
simulated FRA (green), (b) error of the retrieved simulated FRA with respect to the database.

3. Results and Discussion

Considering the promising results obtained when assessing the methodology with the simulated
data, SMOS radiometric data were processed to derive VTEC maps.

3.1. VTEC Retrievals from SMOS Data

Results of the retrieved VTEC with SMOS radiometric data, and the difference between the
retrieved VTEC and the database VTEC (used here as a reference) are shown in Figure 10 (top).
The recovered VTEC presents a systematic pattern with higher differences in the edges of the swath.
This pattern did not appear in the retrieved VTEC from simulated TB. It needs to be characterized at
some point in future research.

In order to mitigate the effect on the swath laterals, some empirical approaches were assessed.
The first approach used only the alias free-field of view (AF-FoV) instead of using the EAF-FoV region.
By doing so, the retrieval of FRA could only be performed over a much narrower swath after a complete
SMOS overpass. Hence, a second attempt was based on assigning the average VTEC of the AF-FoV to
the entire EAF-FoV in each snapshot [9], disregarding the TEC variability along the snapshot. The
third and selected approach consists of extending the value of the VTEC in the pixels of the AF-FoV
closest to the EAF-FoV to the latter. The processed orbit using that approach and its difference with
respect to the database VTEC are shown in Figure 10 (bottom).

The lateral bands of the southern hemisphere become softened. In the northern hemisphere,
a similar softening happens, though not as noticeably as in the southern hemisphere. Additionally, the
retrieved VTEC is generally lower than the database VTEC, something that in the simulation does not
happen. Table 2 shows the root mean square of the difference (RMSD) between the retrieved and the
database VTEC in the EAF-FoV and the difference between the retrieved VTEC in the AF-FoV extended
to the EAF-FoV with respect to the database VTEC. For a reference, the statistics of the simulated
retrieval are also presented. The statistics are calculated in a range of latitudes between 60◦ N and 60◦ S.

Table 2. Statistics of the VTEC retrieval with respect to the database VTEC: (a) with simulated data,
(b) with the retrieval in the EAF-FoV, (c) with the retrieval in the AF-FoV extended to the EAF-FoV.

Retrieval with RMSD [TECU]

Simulated data 0.48
Retrieval in the EAF-FoV 15.69

Retrieval in AF-FoV and extension to the EAF-FoV 10.81
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 10. VTEC of a descendent orbit over the Pacific Ocean, March 20th, 2014 obtained from
SMOS radiometric data: (a) retrieved VTEC, (b) VTEC difference with respect to the database VTEC,
(c) retrieved VTEC with the refined methodology (extension of alias free-field of view (AF-FoV) to the
laterals), (d) difference of the retrieved VTEC with the refined methodology and the database VTEC.

Figure 11 shows the retrieved FRA (from the VTEC shown in Figure 10c) as a function of the
latitude. The database FRA (red) is compared against the retrieved FRA (green) at a pixel in the
center of the swath (ξ = 0 and ηx0.2) and its difference is shown in Figure 11b. When processing
SMOS radiometric data with the proposed methodology, even though it is possible to recover the FRA
geophysical and temporal variation, there is a difference with respect to the database FRA.

Greater differences are perceived in the southern hemisphere. In the northern hemisphere and up
to 10◦ S, both FRAs are very similar, a scenario that does not happen when analyzing pixels in the
laterals of the overpass (not shown). This is noticeable in Figure 10d. Still, the root mean square of the
difference between the retrieved FRA and the FRA database (Figure 11b) is 1.5◦, which represents only
6.50% of the dynamic range of the database FRA.
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(a) 

 
(b) 

Figure 11. FRA vs. latitude of a pixel along the descending orbit: (a) database FRA (red) and retrieved
FRA with SMOS radiometric data (green), and (b) retrieved FRA difference with respect to the database.

3.2. Comparison of Retrieved VTEC from SMOS with Other External VTEC Sources

In this section, a comparison of the VTEC retrieved with the proposed methodology and that from
other sources shown in Section 2 is presented in Figure 12 shows the VTEC of the middle pixel of the
swath as a function of the latitude provided by different sources. The line in red corresponds to the
database VTEC, the green line to the recovered VTEC using the proposed methodology, the magenta
line to the A3TEC (VTEC from the DTBXY product), and the blue line to the IONEX VTEC coming
from GPS data [23].

 

Figure 12. Comparison of the VTEC coming from different sources.

The retrieval with the proposed methodology (green line) follows the temporal-geophysical
variation that the A3TEC (magenta) presents. Both of them come from SMOS radiometric data.
The gap around 20◦ N corresponds to the zone where the geomagnetic field is orthogonal to the wave
propagation direction causing the Faraday rotation to vanish. The A3TEC provides data in that zone
but tends to the value of the database VTEC, which is expected, because in the procedure to retrieve
it, that auxiliary database is used as a first guess, and in that zone, the sensitivity of the TB to TEC
is very low. The retrieved VTEC with the proposed methodology has fewer ripples than the A3TEC.
It was found that the origin of those ripples is due to the remaining noise as reported in [11]. IONEX is
always above the VTEC value retrieved from SMOS data, both using the methodology proposed in this
paper and the VTEC from DTBXY products, which is in agreement to [11]. The presented methodology
proposes an alternative to the current methodology used in order to eliminate the dependency on any
external database VTEC.
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3.3. Impact of RFI Contamination in the Retrieved VTEC

In order to analyze the performance of the proposed methodology on a global scale, the analysis
was extended to all the descending orbits over the ocean on March 21st, 2011. This particular
year was chosen because it opened up the possibility to evaluate the impact in the presence of
radio-frequency interference (RFI). The RFI contaminates the TB, which has an impact in the recovered
VTEC. The retrieved VTEC with the proposed methodology and the one provided by the database
VTEC (used as a reference) are shown in Figure 13 as well as the difference between them.

(a) 

(b) 

(c) 

Figure 13. VTEC of all descending orbits on March 20th, 2011: (a) database VTEC, (b) retrieved VTEC
using radiometric SMOS data with the proposed methodology, and (c) differences between the retrieved
VTEC and the database VTEC with a RMSD of 17.84 total electron content units (TECU).
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Greater differences between the recovered and the database VTEC are concentrated at northern,
high latitudes, close to ice edges. There were significant differences over the Bering, the Beaufort,
and the Barents Seas on that date (see zoomed in portions of Figure 14a,c, respectively). We analyzed
whether this was related to TB contamination by RFIs (radio-frequency interferences) sources. In 2011,
there were RFIs affecting the Bering Sea, which were switched off in 2012 [27]. The VTEC retrieval
of a descending orbit over the same region on March 20th, 2012 was processed and it is shown in
Figure 14b. When the RFI was shut down, it was possible to recover a VTEC that was less affected by
errors. Similarly, a descending orbit over the Barents Sea on March 22nd, 2019 was processed (when
the RFI source was already switched off) and it is shown in Figure 14c. Once again, it was confirmed
that RFIs were affecting the VTEC retrieval in 2011 (Figure 14c).

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 14. Recovered VTEC of descending orbits over (a) the Bering Sea in March 21st, 2011, (b) the
Bering Sea on March 20th, 2012, (c) the Barents Sea on March 21st, 2011, and (d) Barents Sea on March
22nd, 2019.

4. Conclusions

Measuring the Faraday rotation from radiometric data allows for the estimation of the total
electron content of the ionosphere by using an inversion procedure. This allows for the possibility
of creating a VTEC product from SMOS data. Eventually, this product can then be re-ingested in the
SMOS level 2 processor in order to improve the geophysical retrievals.

The proposed methodology works independently of the target seen by the instrument. This is
an important improvement with respect to the current methodology that also derives VTEC maps
from SMOS radiometric data [11], which use a forward radiative model and are focused only over the
ocean because SMOS’s main purpose is to improve salinity measurements. Moreover, the developed
methodology estimates the VTEC for all the pixels in the EAF-FoV with information from different
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incidence angles, instead of using only the FoV region with the highest sensitivity to TEC, and extending
this value across the FoV as does the methodology detailed in [8].

The analysis of the retrieved VTEC maps has been focused over the ocean, where the impact of
ionospheric corrections is stronger. These maps have been inter-compared with the database VTEC,
the IONEX GPS data, and the A3TEC products. The retrieved VTEC maps provide values generally
lower than those of the external VTEC database and the IONEX GPS data, which is in agreement
with the differences found when comparing the other SMOS-derived product (A3TEC) with the same
two external data sources [8]. However, SMOS-derived VTEC products cannot be fully validated by
comparing them with the external VTEC database and the IONEX GPS data, since the spatial resolution
of the latter ones is much coarser than that provided by the SMOS products. The comparison between
both SMOS-derived VTEC products reveals greater differences in the northern hemisphere. The origin
of these discrepancies needs to be investigated.

Further work is needed to evaluate the feasibility of providing global SMOS-derived VTEC maps,
including ocean, land, and ice. The main challenge is to obtain accurate TEC retrievals over land
areas in (i) regions where SMOS TB measurements are degraded by strong RFI contamination and
(ii) regions where TB at horizontal and vertical polarizations are very similar (such as in dense forests),
making the TEC retrieval ill-conditioned. A dedicated study of retrieved VTEC over land to assess the
performance of the proposed method on a global scale is currently on-going. Besides, the Faraday
rotation vanishes in regions of the earth where the geomagnetic field is orthogonal with the signal
path. Therefore, the retrieval of VTEC in these regions is not possible and maps will present data
gaps. Improvements over the ocean also need to be addressed. The retrieved VTEC maps present a
remaining systematic pattern (more noticeable in the northern hemisphere, as shown in Figure 14c)
that might be introduced by the instrument when measuring the Faraday rotation (not present in the
simulation experiments). Ongoing work is focused on characterizing this FRA systematic pattern in a
region and for a period with very low FRA values, so the measurement can be assumed as a systematic
error of the instrument, and a correction can be built upon that.

The recovered VTEC maps could be used in the SMOS Level-2 processor to correct the Faraday
rotation, which could potentially improve geophysical retrievals, as reported when using the A3TEC
method [11]. As a preceding step to analyze the impact of using these VTEC maps on salinity retrievals,
the computation of the OTT (ocean target transformation) will be evaluated and used in order to correct
the spatial bias presented in the TB as is done by the SMOS ocean salinity team [28]. If an improvement
in the stability of the OTT is achieved, more accurate salinity retrievals by using these VTEC maps
would be expected.
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Abstract: We present a study on the potential of the Copernicus Imaging Microwave Radiometer
(CIMR) mission for the global monitoring of Sea-Surface Salinity (SSS) using Level-4 (gap-free)
analysis processing. Space-based SSS are currently provided by the Soil Moisture and Ocean Salinity
(SMOS) and Soil Moisture Active Passive (SMAP) satellites. However, there are no planned missions
to guarantee continuity in the remote SSS measurements for the near future. The CIMR mission is in
a preparatory phase with an expected launch in 2026. CIMR is focused on the provision of global
coverage, high resolution sea-surface temperature (SST), SSS and sea-ice concentration observations.
In this paper, we evaluate the mission impact within the Copernicus Marine Environment Monitoring
Service (CMEMS) SSS processing chain. The CMEMS SSS operational products are based on a
combination of in situ and satellite (SMOS) SSS and high-resolution SST information through a
multivariate optimal interpolation. We demonstrate the potential of CIMR within the CMEMS
SSS operational production after the SMOS era. For this purpose, we implemented an Observing
System Simulation Experiment (OSSE) based on the CMEMS MERCATOR global operational model.
The MERCATOR SSSs were used to generate synthetic in situ and CIMR SSS and, at the same
time, they provided a reference gap-free SSS field. Using the optimal interpolation algorithm, we
demonstrated that the combined use of in situ and CIMR observations improves the global SSS
retrieval compared to a processing where only in situ observations are ingested. The improvements
are observed in the 60% and 70% of the global ocean surface for the reconstruction of the SSS and
of the SSS spatial gradients, respectively. Moreover, the study highlights the CIMR-based salinity
patterns are more accurate both in the open ocean and in coastal areas. We conclude that CIMR can
guarantee continuity for accurate monitoring of the ocean surface salinity from space.

Keywords: sea surface salinity; microwave remote sensing; CIMR; copernicus marine service

1. Introduction

The salinity of the ocean is a crucial parameter to investigate the water cycle, the ocean dynamics
and the marine biogeochemistry from the global to the regional scale. It was classified as an Essential
Climate Variable in the context of the Global Climate Observing System (GCOS) programme. Indeed,
salinity affects both the sea water density and the marine carbonate chemistry (alkalinity), making it a
fundamental variable to investigate the thermohaline global circulation, the local surface and deep
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circulation, the water mass transformation and the uptake of carbon by the ocean including ocean
acidification, e.g., [1–4].

In the past, salinity has suffered from poor observational coverage, being uniquely sampled via
point-wise in situ observations, impacting the accurate assessment of its spatial variability and dynamics,
in particular for the construction of gap-free optimally interpolated fields, e.g., the in situ-Based
Reanalysis of the Global Ocean Temperature and Salinity (ISAS) [5]. The three-dimensional ISAS
dataset was recently improved using quasi-global ARGO floats observations [6]. In addition, the
characterization of the sea-surface salinity (SSS) has benefited from satellite observations and on their
synergy with in situ measurements, e.g., [7–9].

In the framework of the Copernicus Marine Environment Monitoring Service (CMEMS), a daily,
mesoscale resolving SSS multi-year gap-free Level-4 analysis (L4 hereinafter) product was developed by
Buongiorno Nardelli et al. 2016 [10] and Drogheiet al. 2018 [11]. The approach of [10,11], unlike [5–9],
relies on a multi-dimensional (multivariate) optimal interpolation (OI) algorithm that combines both
Soil Moisture Ocean Salinity (SMOS) satellite retrievals and in situ salinity measurements with satellite
sea-surface temperature information. This product is distributed operationally in near real time in late
2018. Despite the success of this product, there are no missions planned to secure continuity of satellite
SSS measurements after the SMOS and Soil Moisture Active Passive (SMAP) missions, which could
impact both the accuracy and the effective resolution of the CMEMS SSS operational products.

The Copernicus Imaging Microwave Radiometer (CIMR) satellite mission [12] is being developed
as a High Priority candidate Mission (HPCM) in the context of the European Copernicus Expansion
Programme. To address the needs of Copernicus and the Integrated European Policy for the Arctic,
the CIMR mission will carry a wide-swath (>1900 km) conically scanning multi-frequency microwave
radiometer. CIMR measurements will be made over a forward scan arc followed 	260 s later by a
second measurement over a backward scan arc. Polarised (H and V) channels centered at 1.414, 6.925,
10.65, 18.7 and 36.5 GHz are included in the mission design under study (full Stokes parameters are
foreseen). The real-aperture resolution of the 6.925/10.65 GHz channels is <15 km and 5/4 km for
the 18.7/36.5 GHz channels, respectively. The 1.414 GHz channel will have a real-aperture resolution
of 	60 km (fundamentally limited by the size of the 	8 m deployable mesh reflector). However,
all channels will be oversampled allowing gridded products to be generated at much better spatial
resolution. Channel NEdT is 0.2–0.8 K with a goal absolute radiometric accuracy of 	0.5 K. Radio
Frequency Interference (RFI) will be mitigated on-board the satellite using dedicated processors. CIMR
will fly in a dawn-dusk orbit providing 	95% global all weather coverage every day with one satellite
and complete (no hole-at-the-pole) sub-daily coverage of the polar regions. CIMR will operate in
synergy with the EUMETSAT MetOp-SG(B) mission so that over the polar regions (>60◦N and 60◦S)
collocated and contemporaneous measurements between CIMR and MetOp Microwave Imager and
SCA scatterometer measurements will be available within ±10 min. Thus, CIMR is designed to provide
global mesoscale-to-submesoscale resolving observations of sea-surface temperature, sea-surface
salinity and sea-ice concentration. The availability of the CIMR SSSs with global coverage would
represent an opportunity to continue ingesting satellite SSS measurements in the CMEMS multivariate
OI, potentially allowing to improve the interpolated product effective spatial resolution and accuracy
with respect to L4 analyses built from in situ observations alone. The present study is thus focused at
demonstrating this potential.

We will implement an Observing System Simulation Experiment (OSSE) based on the CMEMS
MERCATOR Global Operational model outputs [13] and relying on the present-day version of the
CMEMS SSS processing chain. In particular, the multivariate OI algorithm will be first run ingesting
only synthetic in situ SSS extracted from the MERCATOR outputs. In a second run, the OI processing
will rely on both synthetic in situ and CIMR observations, the latter also built from the MERCATOR
model outputs accounting parametrically for the expected CIMR accuracy. Finally, the L4 SSS resulting
from the two versions of the OI algorithm will be validated against the original MERCATOR global
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SSS. The impact of the future CIMR SSS in the OI processing will be demonstrated and quantified
throughout the paper.

In Section 2, we present the datasets and methods used to carry out the study. This section
illustrates both the principles of the OI algorithm as well as the details on the input-data processing
and the structure of the OSSE. We go on presenting the main results of the OSSE in Section 3. In the
end, Section 4 will discuss the main results and illustrate the main conclusions and perspectives of
our study.

2. Materials and Methods

This section contains the description of the dataset used to carry out the study, the principles of
the CMEMS L4 SSS processing chain and the structure of the OSSE for evaluating the potential of the
future CIMR SSS remote measurements.

2.1. Data

• One year of daily SSS and SST data were extracted from the CMEMS MERCATOR global operational
model, [13]. The model is based on the NEMO hydrodynamical framework and assimilates satellite
SST, sea ice concentration, sea surface height and in situ thermohaline vertical profiles.
We focused on the year 2016 that is also compatible with the other datasets used in this study.
The MERCATOR outputs are mapped on a 1/12◦ regular grid for the global ocean. The SSS and
SST timeseries were used for several purposes, like generating the synthetic in situ and future
CIMR SSS observations, running the OI algorithm and finally assessing the quality of the L4 SSS
maps given by the OI processing chain (see Sections 2.2, 2.4 and 3).

• One year (2016) of daily SST, Ocean Wind Speed (OWS), Total Cloud Liquid Water (TCLW) and
Total Cloud Water Vapour (TCWV) were obtained from the Second Advanced Microwave Scanning
Radiometer (AMSR-2) observations, distributed by Remote Sensing Systems [14]. These data are
mapped on a 1/4◦ regular grid for the global ocean. They are distributed as L3U (uncollated) data,
i.e., reporting measurements for both the ascending and the descending satellite orbits for each
grid box, including the boxes where swath overlapping occurs. The AMSR-2 data were used in
combination with the MERCATOR SSS to optimize the generation of the synthetic CIMR L3 SSS
(see Section 2.4).

2.2. Processing Chain Description

The CMEMS SSS operational chain combines in situ and satellite-derived observations using the
multidimensional OI technique originally introduced by Buongiorno Nardelli 2012 [15] and based
on the findings of Bretherton et al. 2016 [16]. Presently, this processing chain provides global L4
weekly SSS mapped over a 1/4◦ regular grid. The algorithm is based on the assumption that SSS and
SST covary at spatial scales smaller than those characterizing atmospheric fluxes. This allows us to
extract useful dynamical information from the high-pass filtered satellite L4 SSTs for use with the SSS
fields.The L4 SSTs are generally obtained by merging microwave and infrared observations, the latter
having resolutions O(1 km) [17]. and provide guidance to the OI system when interpolating SSS fields
resulting in an enhanced effective resolution compared to simple space-time interpolation approaches.
The technique, originally developed to interpolate in situ SSS, was successively adapted to ingest
satellite observations from SMOS and finally calibrated to compute dynamically consistent SSS/SSD
datasets [10,11,18]. The theoretical framework of the SSS multivariate OI is briefly illustrated below,
referring the reader to [10,11,15,18] for more details.

The optimal SSS analysis (SSSanalysis) is given by a weighted sum of the SSS observations anomalies
(SSSobs) with respect to a first guess background field (SSSbackground). The weights provide an unbiased
estimate (i.e., it has the same mean as the true field) with the minimum expected estimate error (in a
least squares sense):
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SSSanalysis = SSSbackground + C(R + C)−1(SSSobs − SSSbackground). (1)

In Equation (1), C is the background error covariance matrix and R, assumed diagonal, is the
observations error covariance matrix (here defined by constant values per each observation type/platform).
In the implementation described by [10,11], the background field is provided by an analysis built from
in situ observations alone through a classical OI. More recently, in the framework of CMEMS, the
background field estimate was modified by computing a first round of space-time OI based on in situ
input data relying on a monthly climatology. The structure of the background error covariance matrix, C,
is given by Equation (2):

C(Δr, Δt, ΔSST) = e−(Δr/L)2
e−(Δt/τ)2

e−(ΔSST/T)2
, (2)

where:

• Δr, Δt, and ΔSST respectively indicate the spatial, temporal, and thermal separations;
• L, τ, and T are the spatial, temporal, and thermal decorrelation lengths. Their values have been

defined by previous studies [15] and are L = 500 km, τ =7 days, T = 2.75 K.
• The SST L4 data are high-pass-filtered (cut-off at 1000 km).

This covariance model approximates a multivariate approach that includes both SSS and SST
in the state vector used to build the observation matrix (that is then used to estimate the covariance
matrix C). In practice, the multivariate covariance model gives more weight to observations found on
the same isothermal of the interpolation point compared to observations found at the same spatial and
temporal separation but characterized by different SST values. The L4 SSTs, due to their high spatial
resolution, accurately describe the thermal signature of the ocean mesoscale features at global scale.
Their ingestion in the OI algorithm has already shown to improve L4 SSS effective resolution (e.g., [11]).
Moreover, the processing chain relies on a dataset of pseudo in situ SSS observations to overcome
the sparseness of avaliable in situ SSS. The pseudo-observations are extracted from the background
field (1 every 16 grid boxes) and are used as additional input. In coastal areas (at distances < 200 km
from the coast), the pseudo-observations are taken from the climatological background. This strategy
guarantees the homogeneity of the L4 SSS spatial resolution in case of prolonged (in time) or extended
(in space) input data gaps during the interpolation process.

In the present study, the input data for the OI processing, i.e., the in situ, satellite, pseudo SSS
and high resolution L4 SST, are all derived from the MERCATOR numerical simulations (see also
Section 2.3). In Equation (1), the constant values included in the observation error covariance matrix
R are divided by the signal variance, thus representing the different noise-to-signal levels for each
type of input data. These values have been found through dedicated tuning experiments and are
0.5 for the pseudo observations, 0.1 for the synthetic CIMR satellite SSS and 0.05 for the synthetic in
situ observations. The mean value used for CIMR may appear too optimistic (only twice the error
associated with synthetic in situ) and could be optimized by considering the expected latitudinal
dependence of CIMR error. This dependence, however, is not presently handled by the CMEMS
processing chain and is thus left to future developments.

2.3. OSSE Description

Selecting one year (2016) of daily SSS data from the CMEMS MERCATOR global operational
model, we subsampled the SSS fields in two ways, according to the following purposes:

1. the simulation of synthetic in situ SSS observations;
2. the simulation of the expected future CIMR satellite observations, taking into account the number

of satellite passes over Earth and the expected uncertainty on the SSS retrieval.

The processing chain is run in two different configurations: once ingesting the synthetic in situ
SSS alone and, in a second run, the in situ plus the CIMR observations. In both cases, the result of the
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processing, i.e., the multivariate OI algorithm, is a global map of L4 SSS. Finally, the SSS maps obtained
in the two configurations is compared with the original MERCATOR SSS fields, our benchmark.
The metrics of the comparison are the root mean square error (RMSE) and the power spectral density
(PSD). A flowchart of the OSSE is provided in Figure 1. The details on the simulation of the synthetic
data are given in Section 2.4.

Figure 1. Workflow of the observing system simulation experiment.

2.4. Input Data Preparation: Simulating the SSS Observations

Here, we discuss the generation of the synthetic in situ and CIMR SSS observations.

1. We generated synthetic in situ SSS observations from the MERCATOR simulations. This was
achieved by colocating the MERCATOR SSS with the quality controlled in situ observations from
ARGO floats and CTD casts ingested by the in situ Analysis System (ISAS) [5,6]. Such in situ data
were previously binned on daily basis over a regular 1/4◦ grid. An example of daily in situ SSS is
provided in Figure 5b. In the figure, the distribution of the pseudo observations mentioned in
Section 2.2 is also given;

2. A one year long time series of SSS and SST was extracted from the CMEMS MERCATOR
global operational model. In order to mimic the CIMR SSS observations given by the 1.4 GHz
measurements (see Table 1, and [12,19] for the CIMR measurements frequencies), we low-pass
filtered the SSSs with a 55 km cut-off wavelength and we remapped them onto a regular 1/4◦

grid, i.e., exactly the same as the output of the present-day CMEMS SSS L4 processing chain.
The more recent release of the CIMR mission requirements document [12] indicates a 1.4 GHz
real aperture resolution less than 60 km, which is consistent with the 55 km of [19] also used in
the present study. The MERCATOR SSTs were simply remapped over a 1/4◦ regular grid in order
to simulate the L4 SST to be ingested in the SSS OI processing (see Section 2.2).

3. We then generate synthetic CIMR-SSS starting from the low-pass filtered MERCATOR SSS
described at point 2. This includes both the expected uncertainties on the CIMR SSS and the
expected satellite coverage. The SSS retrieval uncertainty (hereinafter referred to as σSSS) was
provided by the theoretical estimates of Kilic et al. 2018 [19] (see, e.g., Figure 7 in [19]). The authors
derived a Look Up Table (LUT) containing the σSSS as a function of the local SSS, SST, OWS,
TCLW and TCWV. The ranges of variability of the aforementioned parameters are given by
Table 2.

Table 1. CIMR instrument measurement frequencies.

Frequency (GHz) Spatial Resolution (Km)

1.4 55
6.9 15

10.65 15
18.7 5
36.5 5
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Table 2. Variability range of the LUT quantities used in [19].

Variable Range

SST (K) 271–303
OWS (m/s) 0–25
SSS (PSU) 0–38

TCWV (kg·m−2) 4–40
TCLW (g·m−2) 0–500

σSSS (PSU) 0.27–0.99

Based on the LUT estimates, we could generate a time series of daily L4 σSSS. This was achieved
relying on the daily SST-OWS-TCLW and TCWV observations provided by AMSR-2 [14] plus the daily
MERCATOR SSS. In order to fill the gaps in the AMSR-2 observations, we used a linear interpolator,
leading to a gap-free proxy of the σSSS behaviour. However, in order to rely on higher quality data,
the areas relying solely on interpolation were not taken into account when running the OI algorithm.
This is further justified at the end of this section and schematically represented in Figures 4 and 5.
Checking different SSS-SST-OWS-TCLW-TCWV combinations, we found that the local low SST and
high OWS are primarily responsible for the σSSS increase, consistently with [19]. An example of the
σSSS is provided in Figure 2.

Figure 2. σSSS computed according to [19], example from 1 January 2016. The additional information
in white are referenced in Section 3.2.1.

Based on these results, we added a white random Gaussian noise to the MERCATOR-SSS
according to Equation (3):

SSSnoise = SSS + WGN(σSSS), (3)

where WGN(σSSS) stands for a σSSS dependent White Gaussian Noise. Figure 3 shows an example
of the MERCATOR SSS after addition of the white noise. In the present work, only white noise has
been taken into consideration. While actual errors would likely include instruments drift or other
variations with time, these effects are still in evaluation [12]. For the moment, the error estimates (as
also stated by [19]) are mostly based on the local ocean-atmosphere conditions at the measurement
site. The impact of the CIMR radiometric and orbital stability on the global L4 SSS estimates maps is
thus left for future investigations.
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(a)

(b)

Figure 3. (a) MERCATOR SSS, 1 January 2016, Gulf Stream area; (b) MERCATOR SSS with addition of
white noise according to Equation (3); 1 January 2016, Gulf Stream area.

In order to simulate the CIMR coverage, we used the 28-days cycle of the CIMR satellite overpasses
over Earth provided by the European Space Agency, remapped onto a regular 1/4◦ grid. Such 28 days
cycle was applied to our time series of MERCATOR SSS, arbitrarily assuming that the first day
corresponds to 1 January 2016 and repeating the cycle throughout the year. The number of overpasses
(NVIS) per day is between 0 (in a few small areas of the tropics) and 11 (in polar regions) (Figure 4a).
In all the areas where NVIS exceeded 1, we used an averaged SSS obtained as follows: we oversampled
the MERCATOR SSS according to NVIS (adding each time a different random Gaussian noise) and
then computed the mean SSS in each grid box.

As a final step, in order to make the synthetic satellite-derived SSS more realistic, we derived a
sea-ice mask, land mask and rainfall observations mask (i.e., a no observation mask) using the REMSS
AMSR-2 SST L3U observations [14]. This is also schematically represented in Figure 4a–c. Except for
extreme cases, L-band brightness temperatures are not significantly affected by precipitation, remaining
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within the CIMR radiometric accuracy [12,20]. In principle, this means a SSS retrieval is possible.
However, in these cases, since higher frequency channels are significantly affected by precipitation,
the retrieval would require ancillary information on relevant geophysical variables (e.g., SST and
OWS). This would require an independent evaluation of the expected uncertainty on the SSS retrieval.

(a)

(b)

(c)

Figure 4. Simulating the CIMR observations from the MERCATOR SSS. (a) expected CIMR coverage;
(b) daily mask for land, sea-ice and precipitation from AMSR-2 SST observations (blue and green
respectively stand for available and unavailable observations); (c) synthetic CIMR observations
obtained combining the information on the CIMR overpasses, the AMSR-2 observations and the
noise. All of the figures are mapped onto a regular 1/4◦ grid (the same as the present-day CMEMS L4
SSS) and refer to 1 January 2016.

3. Results

In this section, we present the results of the OSSE described in Section 2.3 and summarized by
Figure 1. Two different configurations of the CMEMS L4 SSS processing chain (including and not
including the CIMR synthetic observations) are qualitatively and quantitatively validated against the
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MERCATOR SSS, constituting the true SSS field. In the following, the L4 SSS given by the OI of in situ
observations and the ones obtained combining in situ plus the CIMR estimates will be referred to as
IL4 and CIL4, respectively.

3.1. Qualitative Validation

Observing the IL4 (Figure 5a) and the CIL4 (Figure 5c), a qualitative validation can be carried out
using the original MERCATOR SSS as a benchmark (Figure 5e). We present a case study on one of
the most dynamically active areas of the global ocean: the Gulf Stream (1 January 2016). In general,
when the CIMR observations are not included, the resulting OI SSS misrepresents the salinity values
as well as the mesoscale activity found in the benchmark salinity field. Indeed, the IL4 are given by a
smooth field, close to a climatological estimate, with mesoscale activity appearing only in proximity
of the in situ observations, where the multivariate algorithm can account for the spatial, temporal
and thermal decorrelation (given by the L4 SST field) as indicated in Equation (2). This statement is
confirmed by visual inspection of Figure 5a–f.

(a) (b)

(c) (d)

(e) (f) 

Figure 5. (a) L4 SSS from in situ observations (IL4); (b) extraction of in situ SSS from the MERCATOR
SSS, squares and circles, respectively, stand for pseudo and in situ observations; (c) L4 SSS from the
combination of in situ and CIMR observations (CIL4); (d) simulated CIMR L3 SSS; (e) MERCATOR SSS
(benchmark); (f) MERCATOR SST. All figures refer to 1 January 2016, in the Gulf Stream Area.

Moreover, in Figure 5, we highlighted the basin south of Newfoundland and New Scotland using
a black circle. Here, the IL4 underestimates the true SSS by about 1 to 1.5 PSU. When the CIMR
observations are ingested in the OI processing, the salinity values are corrected and agree with the
reference SSS. Finally, we discuss the CIMR performances in resolving the signature of two eddies
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located off New Jersey and in the Gulf of Mexico. In Figure 5a,c,e, these eddies are highlighted by two
black squares. If the CIMR observations were not used in the OI processing, their signatures in the SSS
field would either disappear or only partially be resolved.

3.2. Quantitative Validation

The potential of the future CIMR SSS is here demonstrated through quantitative analyses.
The metrics of the validation are based on the computation of the RMSE and PSD.

3.2.1. Temporal Variability of the CIMR Impact in the CMEMS SSS

We computed the time series of the RMSE between the outputs of the CMEMS L4 processing
chain and the true SSS field. Such statistics are based on weekly data for the year 2016. The main
results of the validation are summarized by Figure 6a–c. The statistics have been computed in three
latitudinal bands: 90◦S to 45◦S (referred to as Area S), 45◦S to 45◦N (referred to as Area M) and 45◦N to
90◦N (referred to as Area N). This choice is due to the behavior of the average σSSS, whose map is well
approximated by Figure 2, where these areas have been highlighted. The 45◦S/N latitudes correspond
to the areas where the σSSS reaches half of its maximum magnitude, i.e., 	0.45 PSU, and then rapidly
increases up to a maximum of 	0.9 PSU moving towards the polar regions. On the other hand, in the
45◦S to 45◦N latitudinal band, the average σSSS is mostly around 0.3 PSU.

As a general comment, the quantitative validations of the L4 SSS show that CIMR SSS will
undoubtedly bring benefits for the CMEMS SSS operational products. The CIMR SSSs guarantee
to reconstruct L4 salinity maps that systematically reduce the RMSE with respect to the true SSS,
compared to products relying on in situ observations alone. In the Area M, the RMSE exhibits the largest
improvements, whose magnitude is around 50% throughout the whole year 2016. The improvement is
evaluated according to Equation (4) [21]:

IMPROVE = 100 ×
[

1 −
(

RMSECIL4

RMSEIL4

)2
]

. (4)

In the Area N, the improvements brought by CIMR vary between 20% and 40%, with the largest
values observed during summertime. The RMSE time series of both the CIL4 and the IL4 exhibit a
seasonal behaviour with enhanced values during summertime (	3 PSU), which is a known behaviour
for the CMEMS SSS, also discussed by Xie et al. 2019 [22]. The Area S is the only region exhibiting
slight degradation using CIMR observations within CMEMS. Here, we could observe improvements
reaching 30% during the austral Summer and Fall but from June to November, the CIL4 RMSE increases
by about 10−2 PSU compared to the IL4 reconstruction, mostly indicating that CIMR is not bringing a
useful contribution to the SSS reconstruction in these areas during the austral Spring and Winter.

3.2.2. Spatial Variability of the CIMR Impact in the CMEMS SSS

In order to quantify the spatial variability of the CIMR improvements, we compared the local
temporal RMSE between the CIL4 and the IL4. This was achieved by means of Equation (5), using the
MERCATOR SSS as a reference:

ΔRMSE = RMSE(SSSCIL4)− RMSE(SSSIL4). (5)

The negative ΔRMSE values indicate an RMSE reduction with respect to the true SSS, hence,
an improved SSS retrieval given by CIMR. Figure 7a indicates that the CIMR observations improve
the SSS retrieval in 63% of the world ocean, exhibiting better performances in the Area M (45◦S to
45◦N) and in coastal regions, which are characterized by the main upwelling systems and the larger
river inputs. This is easily explained considering that the density of in situ observations is lower
in coastal regions than in the open ocean, as confirmed by Figure 7b. In the figure, the white halo
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located in correspondence of the coastal waters indicates the absence of in situ SSS estimates. Thus,
progressively approaching the coastline, the relative contribution of the CIMR observations improve
the SSS variability of the L4 interpolated fields. However, the CIMR sensor in itself is not expected
to perform better in costal zones (because of a large measurement footprint). This is confirmed by
the analyses reported in Figure 8, where both the RMSECIL4 and RMSEIL4 generally increase as the
coastline is approached. In the future, provided the characteristics of the receiving antenna, an estimate
of the expected land contamination will be possible. This will enable a more realistic evaluation of the
CIMR performances within the CMEMS SSS in coastal areas.
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Figure 6. (a) RMSE between the OI L4 SSS and the MERCATOR outputs. Blue and red, respectively,
stand for IL4 and CIL4 reconstructions. The statistics are referred to the 45◦S to the 45◦N latitudinal
band (Area M); (b) analyses referred to the the 45◦N to the 90◦N latitudinal band (Area N); (c) analyses
referred to the 90◦S to the 45◦S latitudinal band (Area S).
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(a)

(b)

Figure 7. (a) ΔRMSE based on weekly data, year 2016; (b) density of in situ SSS for the year 2016.
The maximum number of in situ observations is 	140 (in the North Atlantic). The colorbar is saturated
to 5 in order to facilitate the visualization of the measurement sites at a global scale.

An overall CIL4 degradation is observed in the Area S and in the 60◦W–10◦W zone of Area N,
where the RMSECIL4 exceeds the RMSEIL4 by 0.01 PSU on average, which is also confirmed by
Figure 8a,b. This behaviour is discussed in Section 3.3 in more detail. As an additional analysis,
we compared the SSS gradients magnitude found in the CIL4 and IL4 reconstructions. This was
performed in a similar fashion as for the SSS fields, i.e., computing the ΔRMSE∇:

ΔRMSE∇ = RMSE(|∇SSSCIL4|)− RMSE(|∇SSSIL4|) (6)

with |∇SSS| =
√
(∂xSSS)2 + (∂ySSS)2, where the quantities ∂x and ∂y are estimated via a centered

finite differences numerical scheme and the subscripts “x,y” respectively stand for the zonal and
meridional directions.

78



Remote Sens. 2019, 11, 1818

(a)

(b)

Figure 8. (a) RMSECIL4; (b) RMSEIL4.

Accurate estimates of the SSS gradients in L4 products is crucial from a physical point of view.
Combined with the information on SST, it gives access to the patterns of the surface density gradients,
allowing for diagnosing the global ocean surface dynamics. In addition, the surface density gradients
allow for predicting the subsurface circulation from surface observations [23], which justifies the
interest in evaluating the CIMR contribution for the monitoring of this variable. CIMR itself will
provide global SST fields at the same time as SSS based on the use of 6.9 GHz channel data where
the real aperture of the CIMR channel is 	15 km. According to Figure 9, CIMR improves the SSS
gradients retrieval in 70% of the world ocean. This is more evident in the Area M and in coastal
waters. As for the previous analysis, the Areas S and N show reduced performance, where the
averaged RMSE(|∇SSSCIL4|) exceeds by about 0.04 PSU·m−1 the one based on in situ observations
alone. At latitudes exceeding 75◦N, the ΔRMSE∇ shows alternating patterns of large improvement and
degradation. This is not in agreement with the behavior of the ΔRMSE, where an overall improvement
of the SSS values is observed. This indicates that, in this region, the CIMR SSS contributes to accurately
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describe the temporal variability of the SSS but only locally improves the estimate of the SSS gradients
with respect to a climatological field.

Figure 9. ΔRMSE∇ based on weekly data, year 2016.

The statistical significance of the results shown in Figures 7–9 was evaluated via a bootstrap
resampling technique. The analysis confirmed that both the ΔRMSE and ΔRMSE∇ are in the 95%
confidence interval.

3.3. Further Insights on the Spatial-Temporal Variability of the CIMR Performances

The spatial-temporal variability of the CIMR performances is consistent with the average physical
conditions of the ocean surface throughout the year 2016. The evolution of the daily 〈σSSS〉, i.e., the
CIMR spatially averaged measurement uncertainty confirms that the Area S exhibits the largest values
throughout the year 2016 (Figure 10a). This is mostly due to the persistent low mean SST (	5 ◦C) and
high OWS (	10.5 m·s−1) in this area [19] indicating a well mixed surface layer. This was obtained using
weekly AMSR-2 observations. Moreover, during the austral Spring and Winter, the 〈σSSS〉 exhibits a
further increase which results in the degradation of the CIL4 estimates illustrated in Figure 6c.

Following the same logic, the fairly constant CIL4 improvements observed in the Area M are
also explained. Indeed, in the 45◦S to 45◦N latitudinal band, the 〈σSSS〉 is permanently around
0.35, guaranteeing an optimal SSS retrieval from CIMR. The CIMR measurement uncertainty of the
Area N enables generally improving the CIL4 estimates compared to the IL4 reconstruction. Here,
the 〈σSSS〉 also exhibits a larger seasonal cycle than in the Area S, due to the enhanced SST and OWS
variability of the northern hemisphere, in agreement with the results of Dunstan et al. 2018 [24]. This
explains the time dependence of the CIL4 improvements found in the Area N, yielding a more precise
reconstruction during the Summer.

The behaviour of the 〈σSSS〉 also explains the spatial variability of the CIMR benefits within the
CMEMS SSS operational products, summarized by Figures 7a and 9. These figures suggest that CIMR
will improve the SSS and SSS gradients estimates in the 60% and 70% of the world ocean, respectively.
Nevertheless, the Area S is the main degradation zone for both the CIL4-SSS and CIL4-SSS spatial
gradients. The large values of 〈σSSS〉 during April to November 2016 are most likely the responsible
of this degradation, whose signature emerges in the ΔRMSE and ΔRMSE∇.

The present-day version of the CMEMS SSS processing chain may also be responsible for the
partial degradation observed in the Area S. In future studies, we plan to further tune of the operational
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chain in this area. This will be achieved considering a different weighting of the CIMR SSS in the
multivariate OI algorithm, given their decreased accuracy during the austral Spring and Winter.
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Figure 10. (a) blue line: 〈σSSS〉 in the 45◦S to 45◦N latitudinal band (Area M). Red line: 〈σSSS〉 from
45◦N to 90◦N (Area N) and from 45◦S to 90◦S (Area S); (b) same analysis for the AMSR-2 derived OWS;
(c) same analysis for the AMSR-2 derived SST.

3.4. Spectral Content of IL4 and CIL4

Here, we describe the capability of CIMR to retrieve the signatures of mesoscale activity in the
CMEMS SSS. This will be assessed via a spectral analysis of the IL4 and CIL4 compared to the reference
SSS provided by MERCATOR. We perform the spectral analyses in five land-free areas of the world
ocean: the North and South Atlantic, the North and South Pacific and the Indian Ocean. The SSS power
spectral density (PSD) computation is compliant with [11] and is based on Fast Fourier Transform with
the Blackman–Harris window for the reduction of spectral leakage.
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The spectra are computed over the entire 2016 using weekly data for both the L4 reconstructions.
The time average of the mean zonal spectra is presented in Figure 11 as a function of the spatial
wavenumber, indicating spectral properties of the IL4, CIL4 and MERCATOR SSS that agree in all the
aforementioned investigation areas. Compared to the true SSS, the IL4 spectra (red lines of Figure 11)
show a PSD drop around 0.1 degrees−1. On the other hand, the CIMR SSS allows for building
interpolated SSS maps with spectral properties that follow the true SSS, except for the addition of noise
at scales below 0.8 degrees−1 (on average), where the CIL4 spectra begin to flatten.
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Figure 11. Time average of the mean zonal spectra of the MERCATOR SSS (green line), the IL4 (red line)
and the CIL4 (blue line). The time average is based on weekly data for the year 2016. The spectra are
computed in five different areas of the global ocean, referenced in the top panel of the figure.
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The spectral analysis presented here is not fully rigorous from a physical point of view. Indeed,
our maps are presented over a regular 1/4◦ grid and we are computing the spectra over latitudinal
extents exceeding 40◦, thus considering spatial grid separations ranging from approximately 27 to 14
km, e.g., going from the equator up to 60◦N/S. Nevertheless, the results presented here are still proving
that the CIMR SSS are expected to enhance the effective spatial resolution of the CMEMS SSS with
respect to reconstructions based on in situ observations. In order to quantify the spectral properties
from a physical point of view, we performed the spectral analysis in a 20◦ box centered over the equator
(±10◦ around the equator) in the Pacific and the Atlantic Oceans, i.e., guaranteeing grid separations
around 27 km on average. The behaviour of the spectra are similar to the ones presented in Figure 11.
The CIL4 reconstruction spectrum evolves in agreement with the one of the MERCATOR SSS until
scales of 1.4 deg−1 where the effect of noise becomes evident. This additional analysis indicates that the
CIL4 are dynamically consistent with the MERCATOR fields until scales of approximately 70 km.

4. Discussion and Conclusions

The Copernicus Marine Environment Monitoring Service is presently serving a wide community
of users with the distribution, amongst others, of global optimally interpolated L4 SSS (and sea-surface
density) mapped on a 1/4◦ regular grid, updated weekly and based on a combination of in situ,
satellite SSS and high-resolution SST data. The CMEMS SSS are obtained combining ARGO and CTD
observations with SMOS SSS measurements [10,11,18]. After the SMOS era, the potential availability of
the CIMR SSS could guarantee the accuracy and effective spatial resolution of the CMEMS SSS datasets.
This was shown throughout this paper via a synthetic CMEMS SSS processing chain relying on
simulated CIMR SSS retrievals. The core of our investigation was the CMEMS MERCATOR operational
model, which was used to simulate the input SSS for the optimal interpolation processing as well as
for assessing the accuracy of the CIMR-based L4 SSS. We focused on the year 2016. The main results of
our evaluation study are summarized and discussed here.

CIMR will guarantee the retrieval of improved L4 SSS estimates (CIL4) with respect to optimally
interpolated products based on in situ observations alone (IL4). Using the MERCATOR outputs as
a benchmark, we obtained that the CIL4 RMSE is systematically reduced throughout the year in
the latitudinal band 45◦S to 90◦N (Areas M and N), showing improvements up to 50% (based on
Equation (4)) compared to the IL4 reconstructions. In the Area S, the CIMR benefits were confirmed
during half of the year 2016, exhibiting a slight criticism during the austral Spring and Winter.

In past studies [11], the multivariate algorithm for the production of the L4 SSS was shown to
perform much better in the open ocean. Offshore, the high pass filtered SST and SSS are generally more
correlated and the assumptions made to derive the multidimensional covariance function are more
strictly valid. This is more evident when SSS observations in coastal waters are too sparse, preventing
an accurate mapping of the salinity changes related to groundwater fluxes or when the SST patterns
are modified by localized heat fluxes (e.g., wind interactions with highly variable coastal orography).
In the present study, we showed that the availability of remotely sensed CIMR SSS not only proves
useful to monitor salinity changes associated with mesoscale-to-large scale processes in the open ocean,
but also significantly improves our capability to describe salinity patterns in coastal areas.

Moreover, the use of the CIMR SSS will enable improving the effective spatial resolution of the
global CMEMS L4 SSS, compared to L4 SSS obtained interpolating in situ observations alone. In our
OSSE, the CIL4 reconstruction showed spectral properties in agreement with the true SSS, i.e., the
MERCATOR model outputs. The optimal interpolation scheme only adds noise to scales smaller than
80 km, according to the tests performed in the Pacific and Atlantic equatorial bands.

These results indicate that the benefits of the potential SSS observations from CIMR will go
even beyond the operational requirements within CMEMS. Their application to scientific and societal
studies will be wide. The global L4 SSS obtained with CIMR will enable capturing the signatures of the
major mesoscale dynamical features, e.g., the main Gulf Stream or Agulhas Rings [25], guaranteeing
the monitoring of their spatial distribution and migration pathways. This will contribute to evaluating
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the global scale SSS distribution and budget. The monitoring of the global SSS is also a key element
in studies of water cycle, oceanic water formation and ocean-atmosphere coupled dynamics [26].
For example, Ballabrera-Poy et al. 2002 [27] pointed out that SSS can be crucial in predicting the
El Niño Southern Oscillation (ENSO) dynamics over time scales of 6 to 12 months. Indeed, the positive
SSS anomalies in proximity of the Pacific equatorial band can modulate ENSO via their impact
on the subsurface oceanic stratification. Quite interestingly, CIMR showed optimal measurement
performances in the tropical Pacific area. Moreover, the accurate SSS estimate is useful for applications
of three-dimensional fields reconstruction from surface information, as pointed out by [7,23,28] for
the reconstruction of the three-dimensional horizontal and vertical oceanic motions and tracers.
In conclusion, the expected performance of the CIMR mission confirmed the importance of ingesting
the CIMR SSS within the framework of the CMEMS SSS data production. The future loss of the SMOS
and SMAP missions fully justifies the high priority of the CIMR mission development within the
framework of Copernicus.
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Abstract: Satellite salinity data from the Soil Moisture and Ocean Salinity (SMOS) mission was
recently enhanced, increasing the spatial extent near the coast that eluded earlier versions. In a pilot
attempt we assimilate this data into a coastal ocean model (ROMS) using variational assimilation
and, for the first time, investigate the impact on the simulation of a major river plume (the Congo
River). Four experiments were undertaken consisting of a control (without data assimilation) and
the assimilation of either sea surface height (SSH), SMOS and the combination of both, SMOS
SSH. Several metrics specific to the plume were utilised, including the area of the plume, distance
to the centre of mass, orientation and average salinity. The assimilation of SMOS and combined
SMOS SSH consistently produced the best results in the plume analysis. Argo float salinity profiles
provided independent verification of the forecast. The SMOS or SMOS SSH forecast produced the
closest agreement for Argo profiles over the whole domain (outside and inside the plume) for three
of four months analysed, improving over the control and a persistence baseline. The number of
samples of Argo floats determined to be inside the plume were limited. Nevertheless, for the limited
plume-detected floats the largest improvements were found for the SMOS or SMOS SSH forecast for
two of the four months.

Keywords: SMOS; data assimilation; 4D-Var; Congo River plume; satellite salinity; Angola Basin;
ROMS

1. Introduction

The ten largest rivers transport a combined 40% of the freshwater and particulate material into
the oceans [1–4]. Some larger rivers can generate offshore plumes of significant distance [4,5] that can
support high levels of biological productivity, due to the vast amount of supplied nutrients [6,7].
Therefore, the accuracy of modelling these river plumes is valuable for fishing communities.
Furthermore, terrestrial material, both suspended and dissolved, are transported via river plumes,
affecting sediment and pollutant distributions and the biogeochemistry of carbon [3].

The second-largest river (in terms of the annual mean daily discharge) is the Congo in West Africa,
discharging an average 39,866 m3/s of freshwater per month into the Angola Basin. Such extensive
outflow produces a plume as large as 800 km from the river mouth [4,5], influencing a substantial
section of the basin. Yankovsky and Chapman [8] noted that the plume could be classified as
surface-advected; with identifiable near-and far-field regions. Variations in the near-field have
been identified with the speed of outflow, the orientation of the estuary mouth and local coastal
currents [9,10]. For the far-field, a more complex situation arises through the interaction between the
wind stress, ocean circulation patterns, tidal currents and river discharge variations that contribute
to different scenarios of the Congo River plume dispersion [11]. Denamiel et al. [10] performed the
first numerical simulation of the Congo River plume where they found the plume had a northward
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extension for the majority of the year except during February-March where the plume had a sizeable
westward expansion (up to 800 km). Subsequent model studies have focused on the plume’s
buoyancy-driven dynamics [12,13], the effect of the Congo on ocean temperatures [14] and a complete
simulation of the Congo river-to-sea continuum with a multi-scale unstructured mesh model [15].

Very few studies have focused on improving forecasting river plumes. Liu et al. [16] produced a
realistic hind-cast of the Columbia River estuarine-plume-shelf circulation and used a skill score to
quantify the five dynamical regions (estuary, near- and far-field plume, near-surface and deep layers).
Data assimilation (DA) is a powerful tool that produces an optimal estimate of the initial conditions
(typically for a forecast) using observations and information from the dynamical model [17]. Until
recently, DA could not easily be utilised in the context of river plume modelling. While the more
traditional Argo floats provide relatively accurate in-situ salinity profiles, their lack of spatial coverage
(typically 3◦ by 3◦) is a significant limitation. In 2009 the European Space Agency (ESA) launched the
first satellite to monitor surface sea salinity under the Soil-Moisture-Ocean Salinity (SMOS) mission [18]
providing global coverage of surface salinity. Köhl et al. [19] assimilated SMOS but found no benefits
to the global model salinity. Conversely, Lu et al. [18] found that SMOS data plays a complementary
role in model salinity simulations with an Ensemble Optimal Interpolation DA scheme (EnOI). A new
version of SMOS that dramatically improved the land/sea interference and coastal coverage has been
available from 2017 [20]. The Congo River plume can now be fully analysed on a 9-daily scale instead
of monthly, expanding the scope of the data for use in coastal assimilation (Figure 1).

Figure 1. A snapshot of the 2017 Soil Moisture and Ocean Salinity (SMOS) data from the Barcelona
Expert Centre (BEC) [20] for January 2013 with filled salinity (PSU), and the 32 PSU and 34 PSU
isohaline (lines of constant salinity) in black.

A recent study by Mu et al. [21] was the first to show that the assimilation of this newer
data could improve simulations of the upper ocean salinity. However, prior to the assimilation,
Mu et al. [21] applied an additional bias correction, specific to their study region (South China Sea)
using a Generalised Regression Neural Network (GRNN). The assimilation of this bias-corrected
GRNN SMOS data set improved results compared to the original data set without such bias correction.

In this paper, the SMOS data as originally produced by Olmedo et al. [20] is assimilated to study
the impact on the simulation of the Congo River plume. This will be the first time that satellite salinity
has been used with DA specifically for river plumes and the first time a Congo River plume forecast
has been attempted. Satellite altimetry sea surface height (SSH) is also assimilated individually and
in combination with SMOS, to explore whether these two data streams could compliment each other.

88



Remote Sens. 2019, 12, 11

The rest of this paper is structured as follows: the materials and method sections introduces the
numerical model, observations, assimilation scheme and experiment design. The results then follows
split into an assessment of the assimilation analysis and forecast. The paper closes with a discussion
on the results and a final conclusion.

2. Materials and Methods

2.1. Numerical Model

ROMS is a hydrostatic, primitive equation, Boussinesq ocean general circulation model [22].
Previous studies have utilised various versions of this ROMS model of the Angola Basin in
understanding the Congo River plume dynamics [10], effects on ocean temperature [14] and more
recently on the impact of DA on the ocean current predictability [23]. The model domain extends
between 1◦S–21◦S and 3.7◦E–13.8◦E with a 10 km resolution and 40 terrain-following vertical levels.
Lateral boundary and initial conditions for temperature, salinity, ocean current velocities and sea
surface height were obtained from the HYCOM reanalysis [24]. Atmospheric forcing at the surface
for downward radiative surface fluxes, sea level pressure, 2 m specific humidity, 2 m air temperature,
10 m winds, and total precipitation were obtained from European Centre for Medium-Range Weather
Forecasts (ECMWF) reanalysis (ERA)-Interim reanalysis data (ERA-I) [25].

Seven rivers (Nyanga, Kouilou, Kwanza (Cuanza), Kuene, and the Congo) are incorporated into
ROMS as boundary conditions. For each river channel, several source points are assigned a unique
outflow rate with a constant temperature (15 degrees) and near-zero salinity (0.1 PSU). Following
White and Toumi [14], river flow rates were obtained from various sources, including the RivDIS v1.1
database [26], the Global Environmental Monitoring System/Global River Inputs (GEMS/GLORI)
database [27], The Office of Industrial Studies Renewable Energies and Environment (BEI ERE) and the
University of Brazzaville available at (http://hmf.enseeiht.fr/travaux/CD0809/bei/beiere/groupe5/
node/53). The Congo represents the largest of the rivers in the model domain with a channel of 20 km
(width) × 60 km (length) (2 × 6 grid points) containing eight source points. The average annual cycle
of the Congo River discharge computed from the observed monthly mean between 1902 and 2005 is
used for the simulations presented here (Figure 2). The bimodal signature has been suggested to be
part of the seasonal migration of the Intertropical Convergence Zone (ITCZ) [28] and, Northern and
Southern Africa Easterly Jets [29] enhancing convection across central Africa.
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Figure 2. The average annual cycle of the Congo River discharge used within the model. The average
is calculated from the observed monthly mean discharge between 1902 and 2005 provided by the BEI
ERE in collaboration with the University of Brazzaville. Adapted from Phillipson [30].
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2.2. Observations

The Barcelona Expert Centre (BEC) released an updated version of SMOS in 2017 (available at http:
//bec.icm.csic.es) which corrected for systematic biases created by landmasses (land contamination)
and radio interference, and also reduced, significant data gaps due to the non-convergence of the
retrieval algorithm [20]. The resulting daily gridded product has a spatial resolution of 0.25◦ and
time-averaging window of 9 days. For the tropics, the validation with in-situ data (Argo floats)
provided by BEC shows that between 2011–2016 the root mean square error (RMSE) is 0.24 PSU [31].

Gridded sea surface height (SSH) observations consisted of a merged Ssalto/Duacs dataset
(TOPEX/Poseidon, Jason-1&2, Envisat, ERS-1&2, and GFO measurements) distributed by Aviso with
support from the Centre National d’Etudes Spatiales. ROMS does not resolve the global steric signal.
This signal was removed from SSH using a database provided by Willis [32]. Furthermore, SSH was
calibrated to ensure ROMS and AVISO dynamic topography were spatially and temporally equal on a
long-term average. We remove the nearest 50 km to the coastline. This represents a typical length scale
of land contamination for the Aviso data.

In situ salinity profile observations from Argo floats were obtained from the EN4 dataset provided
by the Met Office Hadley Centre [33].

2.3. Assimilation Scheme

For this study, incremental, strong constraint four-dimensional variational data assimilation
(IS4D-Var) adjusting the initial conditions, surface forcing, and boundary conditions were utilised
within ROMS [22]. Before initialising the IS4D-Var process, several DA parameters are required to be
specified. The choices of each are described in-depth within Phillipson [30].

The most important of these choices relate to the background error covariance matrix for the initial
condition. This is formulated following [34] as in a combination of multivariate balance relationships,
the standard deviations of the model using a long climatology simulation, and a diffusion operator [22].
The standard deviation field represents a spatially varying parameter controlling the relative weighting
of the short forecast (prior) in the data assimilation system. A single assigned observational error
then controls the relative weighting of the observations. Both are kept constant throughout the entire
DA cycle.

During some initial assimilation tests (not shown) it became apparent that the standard deviation
used in the background error covariance for the initial condition of salinity required specific tuning
with regards to river plumes [30]. The large difference in the estimated standard deviation in salinity for
the open ocean (0.2–0.5 PSU) as compared to that of the Congo plume (of up to 10 PSU) caused issues.

Previous studies assimilating SMOS [18,21] have used an observation error of between 0.1–0.4
PSU. However, these studies did not focus on river plumes. As far as the authors are aware, no studies
of DA for such extensive river plumes exist, and so this challenge is unique to modelling the Congo
River (as also likely for Amazon River). The initial tests of the assimilation of SMOS using a ‘typical’
error of 0.1 PSU and the original estimated standard deviation from the climatology run drastically
over-fit the observations near the river plume (0.1 PSU  10 PSU). Moore et al. [35] noted a similar
issue in developing an operational ROMS 4D-Var analysis system for the California current. Moore
et al. [35] suggested that the salinity standard deviation could be capped at a certain level to account for
this. Therefore following [35] the salinity standard deviation within the background error covariance
was capped at 0.6 PSU. This cap was chosen in order to isolate the area of the plume, i.e., most of north
of 12 degrees longitude. After further testing (not shown), an observational error of 1.2 PSU for the
SMOS observations were assigned (double that of the applied salinity cap). Lower errors (<1.2 PSU)
resulted in overconfidence in the observations near the river plume mouth where the variability in the
model is at it’s largest. Therefore, an error of 1.2 PSU enabled the SMOS observations to have the most
substantial impact near the plume without over-fitting. Although this error is much larger than the
typical error of SMOS in the open ocean (a quality report from BEC noted an error of 0.24 PSU in the
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tropics SMOS-BEC Team [31]), this was adopted as a pilot approach for the assimilation of SMOS in
river plume modelling [30].

The observation error for satellite altimetry measuring sea surface height is assigned as 0.04 m as
in [23].

2.4. Data Assimilation Experiments

Assimilation was performed sequentially (four-day assimilation window) using the Angola Basin
ROMS with IS4D-Var for four experiments during January, April, July and August 2013. During each
month, four cycles of DA was performed (16 days) with the initial conditions for each new cycle
obtained from the final posterior analysis from the previous cycle. The first cycle was initialised with
a minimum one-year spin-up of the model without assimilation. Following the final cycle, a 16-day
forecast was performed. Although simulating the whole year would be preferable to capture the whole
season of the Congo River plume, four months was regarded as adequate to examine the impact of
assimilating SMOS. The four months cover a range of discharges. January represents a month of high
discharge and April a transitional month into lower discharges during July and August.

Four experiments were undertaken: a control run (CNTRL) without any assimilation; the
assimilation of daily gridded satellite altimetry (SSH); daily gridded satellite sea surface salinity
(SMOS) and the combination of both (SMOS SSH). A regional domain RMSE and correlation coefficient
(R) was estimated to assess the quality of the DA algorithm. Specific to the validating the Congo river
plume, the 34 PSU isohaline (line of constant salinity) was used as an upper bound of the river plume,
a similar choice to Kang et al. [3]. With this definition the plume area bounded by the 34 PSU isohaline,
the distance to the centre of mass from the source, orientation and average salinity within can be
determined. Several Argo floats are present in Angola Basin providing independent data.

A total of 195 Argo float samples were taken in the Angola Basin over the entire 4 months
analysed, providing independent data of salinity. However, none were located within the defined 34
PSU isohaline. Therefore in order to determine if some Argo floats were present within the Congo
River plume, independent of a defined isohaline, a plume detection algorithm was used. Here, we
follow Hopkins et al. [4], who used two main criteria (stratification and mean salinity less than the
open ocean) to determine plume-detected Argo floats (Figure 3). Twenty-three samples (12%) were
determined to be inside the plume (Pink lines and circles in Figure 3). By definition, stratification is
present for all plume-detected Argo floats, meaning the comparison with SMOS sea surface salinity is
robust. This small sample size is a partially a consequence of the expense of running a 4D-Var model
system, and while more months and samples would have been ideal, the limited choice of months
analysed was a computational restraint.

A persistence forecast was also included as a baseline forecast. An additional metric denoted
the salinity skill score; ss = 1 − (AE_model/AE_persist), where AE_model (AE_persist) is the
absolute error for the model (persistence) forecast, was computed to highlight improvements (ss>0) or
degradation (ss<0) against persistence.
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(a) January (b) April

(c) July (d) August

Figure 3. Argo float salinity profiles for top 100 meters (left) and their associated locations (right)
during (a) January, (b) April, (c) July and (d) August. Black profiles and circles represent Argo floats
determined to be outside the plume according to the plume detection algorithm. Purple profiles and
circles represent Argo floats determined to be inside the plume. Blue profiles and circles represent
Argo floats that only meet one criteria from the plume detection algorithm. Overlaid in black are the
average 34 PSU isohalines for each respective month.

3. Results

3.1. Assimilation Analysis

The SMOS RMSE reduced for each experiment assimilating SMOS during the assimilation analysis
as expected (Table 1). Interestingly, the combined assimilation SMOS SSH experiment had the smallest
SMOS RMSE for three of the four months analysed, at 12–22% less than the SMOS experiment.
The SMOS correlation coefficient (R) mirrored this result, exhibiting small improvements for SMOS
SSH as compared to the SMOS only assimilation. Similarly, the SMOS RMSE and R also reduced and
increased, respectively, for the SSH experiment as compared to the control for the majority of the study
period. This result supports the benefits of altimetry assimilation in modelling the regional salinity
field. Following this systemic reduction of SMOS errors, the data assimilation algorithm appears to be
successfully fitting the salinity observations within the model.
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Table 1. The root mean squared error (RMSE) and mean correlation coefficient (R) for each experiment
(CNTRL, SSH, SMOS, SMOS SSH) computed over each four day analysis cycle (4) during (a) January,
(b) April, (c) July and (d) August. Adapted from Phillipson [30].

(a) January (b) April

Exp. Name RMSE (PSU) R Exp. Name RMSE (PSU) R

CNTRL 2.76 0.54 CNTRL 2.33 0.76
SSH 2.61 0.71 SSH 2.35 0.79
SMOS 0.61 0.92 SMOS 0.38 0.94
SMOS SSH 0.48 0.95 SMOS SSH 0.43 0.93

(c) July (d) August

Exp. Name RMSE (PSU) R Exp. Name RMSE (PSU) R

CNTRL 0.88 0.70 CNTRL 1.4 0.51
SSH 0.84 0.71 SSH 1.0 0.61
SMOS 0.25 0.95 SMOS 0.31 0.94
SMOS SSH 0.22 0.96 SMOS SSH 0.28 0.95

The SMOS plume specific statistics (area, distance to the centre of mass, orientation and
salinity within) also exhibits improvements for each month within the analysis (Table 2). Note
this improvement is expected since we are assimilating and comparing against the same SMOS
observations, and therefore solely representing whether the DA system can replicate the SMOS plume
within the ROMS model.

Table 2. The SMOS plume specific statistics for each experiment (CNTRL, SSH, SMOS, SMOS SSH)
assimilation analysis over each study month. Statistics include plume area mean absolute error (MAE),
distance to the plume centre of mass from source (COM Dist.) MAE, plume orientation (angle) MAE,
inside plume salinity MAE and a metric mean % improvement over the CNTRL.

Exp. Name
Area COM Dist. Angle Inside Salinity Mean %
MAE (km2) MAE (km) MAE (◦) MAE (PSU) Improv.

January
CNTRL 27,454 78 2.0 2.53 -
SSH 74,515 75 1.2 2.37 −30%
SMOS 8084 6 1.9 1.06 56%
SMOS SSH 8754 5 1.1 0.95 68%

April
CNTRL 144,409 13 10.1 1.78 -
SSH 160,850 9 11.5 1.78 1%
SMOS 5291 11 0.4 0.54 68%
SMOS SSH 7936 9 0.7 0.55 72%

July
CNTRL 18,654 39 7.6 3.59 -
SSH 10,582 36 13.2 3.26 −4%
SMOS 7425 13 3.8 2.42 52%
SMOS SSH 6154 12 2.4 2.53 58%

August
CNTRL 26,897 118 39.9 4.99 -
SSH 23,309 73 6.4 4.37 37%
SMOS 4053 7 0.9 2.22 83%
SMOS SSH 4882 3 0.9 2.73 81%

In the CNTRL experiment without assimilation, the plume experiences substantial biases for the
majority of statistics (Table 2). For the area of the plume, the CNTRL is often vastly different than
observed from SMOS. Figure 4 illustrates this bias for January (a month of high discharge) with an area
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mean absolute error (MAE) of around +27,000 km2. Further discrepancies in the structure (stretched
along the coast), orientation (2◦ MAE), distance to the centre of mass (80 km MAE) and average salinity
within (2.5 PSU MAE) are present.

(a) (b) (c) (d)

Figure 4. The 34 PSU plume area for (a) the control (CNTRL), (b) sea surface height (SSH), (c) SMOS
and (d) SMOS SSH assimilation analysis (black filled) and SMOS data (red outlines) averaged for the
January analysis. Overlaid are arrows denoting the orientation and distance to centre of mass for each
experiment (white) and the SMOS data (red). The bottom left numbers denote the area of the plume for
each experiment (black) and SMOS data (red).

Contrary to improvements in the SMOS RMSE and R (Table 1), the subsequent assimilation of
SSH does not always aid in significantly reducing this bias consistently across all months, sometimes
enhancing it. For example, the January and April average plume area exhibit increased biases of up to
48,000 km2 (160%).

Only with the assimilation of SMOS (either alone or in combination with SSH) is the most
systematic improvement over the CNTRL found across all months for the analysis. Most notably
improving the area in the analysis by as much as 95% (visually represented in Figure 4). Here, the
structure from SMOS is well replicated in the model analysis, resulting in improved orientation and
distance to the centre of mass (95–100%). Note the additional benefits of assimilating both SMOS and
SSH together for the analysis can be seen for many metrics. A summary statistic (final column in
Table 2) confirms that the combined assimilation of SMOS and SSH is the best performing experiment
for three of the four months analysed. Improving upon assimilating solely SMOS by 4–7% averaged
across all metrics.

While the SMOS plume specific statistics confirm the model can effectively replicate the SMOS
plume via the assimilation process, independent observations from Argo floats offer a more robust
indication of performance (Table 3).

Table 3. The mean absolute error (MAE) computed for Argo float samples for each experiment (CNTRL,
SSH, SMOS, SMOS SSH) assimilation analysis over each month. The Argo float MAE for the SMOS
data itself (SMOS DATA) during the analysis period is also shown for comparison. The samples are
split into whole domain MAE statistics or inside plume only. The number of Argo float samples over
which each MAE is computed is also presented.

Whole Domain Inside Plume

No. of Argo Float Samples

Jan Apr Jul Aug Jan Apr Jul Aug

38 17 22 24 0 3 4 3

Analysis Exp. Name MAE (PSU) MAE (PSU)

CNTRL 0.30 0.46 0.39 0.24 − 0.92 1.84 0.79
SSH 0.15 0.60 0.33 0.26 − 0.78 1.14 0.54
SMOS 0.26 0.22 0.28 0.21 − 0.49 0.80 0.33
SMOS SSH 0.21 0.24 0.30 0.21 − 0.51 0.82 0.38

SMOS DATA 0.26 0.28 0.30 0.25 − 0.58 0.80 0.37
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For the whole domain, the analysis for the SMOS assimilation experiment produced the smallest
Argo MAE for April, July and August, improving over the CNTRL by 13% to 52%. For Argo floats
inside the plume as identified by the algorithm as described in Hopkins et al. [4], the SMOS assimilation
also produced the smallest Argo MAE comparisons. Curiously, the addition of the SSH, as in the
combination of SMOS and SSH often increased errors for Argo float comparisons. Only for January
did the additional assimilation of SSH decrease errors. This improvement is clearly because of superior
performance of the SSH analysis (without SMOS). Possibly indicating that the assimilated SMOS
data may be more inconsistent with the Argo floats, which carries through to the SMOS analysis.
This relationship is shown in Figure 5. There is a strong significant correlation (0.95, p-value <

0.01) between the SSH analysis–SMOS data error difference and SSH analysis–SMOS analysis error
difference. Dividing the data into each month reveals that most of the January SSH Argo float errors
(green circles in Figure 5) are smaller than that of the SMOS data and the SMOS analysis situated in
the lower left hand shaded region (<0) within Figure 5.

Figure 5. A scatter plot of the Argo float SSH analysis error minus the Argo float SMOS analysis
error against the Argo float SSH analysis error minus the Argo float SMOS data error. The data is
split into each study month, January (green), April (orange), July (blue) and August (pink). Outside
(inside) plume samples are represented as circles (pluses). A linear regression is overlaid with a shaded
bootstrap confidence interval. An additional shaded area for values <0 is displayed to highlight Argo
float SSH analysis errors that outperform both the SMOS analysis and SMOS data.

The spatial distribution of Argo floats present during the analysis is explored (Figure 6).
For January (first row of Figure 6), very few Argo floats are located near the plume, with none
independently determined to be inside the plume by the plume-detection algorithm (crosses in
Figure 6). Here, the assimilation of SMOS appears to significantly increase errors further south as
well as creating negative errors (the model is too saline) further north towards the coast. For April
(second row in Figure 6), the CNTRL and SSH assimilation experiments exhibit a cluster of Argo floats
with a substantial positive error (too fresh) around the centre of the model. The SMOS assimilation
significantly reduces this cluster of errors. For July (third row in Figure 6), the SMOS assimilation
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slightly decreases large plume-detected Argo float errors in the north. Finally, August (final row in
Figure 6) Argo floats exhibit a subtle change in errors from the CNTRL, with the SMOS assimilation
reducing errors for the northernmost cluster that compose of the three plume-detected Argo floats.

i

CNTRL
ii

SSH
iii

SMOS
iv

SMOS SSH

Figure 6. The Argo float surface salinity errors over the January (1st row), April (2nd row), July (3rd
row) and August (4th row) analysis for experiments (i) CNTRL, (ii) SSH, (iii) SMOS and (iv) SMOS
SSH. In addition to the caxis colour scale representing negative (purple) to positive (green) salinity
bias (PSU), smaller circle sizes represent smaller biases. Crosses (instead of circles) are alternatively
displayed to represent the plume detected samples as seen in Figure 3. The average 34 PSU isohaline
computed from the SMOS data for each respective month (analysis period) is overlaid in black.

96



Remote Sens. 2019, 12, 11

3.2. Forecast

The 16-day forecasts initialised after the end of the final assimilation analysis cycle for each month
also exhibited improvements over the CNTRL for SMOS plume specific statistics (Table 4). For higher
discharge months (January and April), all metrics exhibit improvements over the CNTRL of up to 86%
in the plume area, 54% in the distance to the centre of mass, 97% in orientation and 41% in salinity
within. Conversely, for low discharge months (July and August), only minimal improvements are
exhibited over the CNTRL for a handful of metrics, with degradation often present, notably during
August. Despite improvements mainly limited to high discharge months, this result shows that the
SMOS assimilation can maintain improvements from the analysis up to 16 days.

Table 4. The SMOS plume specific statistics for each experiment (CNTRL, SSH, SMOS, SMOS SSH)
assimilation forecast over each study month. An additional forecast denoted SMOS PERSIST is included.
Statistics include plume area mean absolute error (MAE), distance to the plume centre of mass from
source (COM Dist.) MAE, plume orientation (angle) MAE, inside plume salinity MAE and a metric
mean % improvement over the CNTRL.

Exp. Name
Area COM Dist. Angle Inside Salinity Mean %
MAE (km2) MAE (km) MAE (◦) MAE (PSU) Improv.

January
CNTRL 140,152 33 14.7 2.05 -
SSH 209,978 12 12.1 1.79 11%
SMOS 19,801 16 0.7 1.28 68%
SMOS SSH 5893 8 1.9 1.15 75%
SMOS PERSIST 9174 14 1.1 0.08 85%

April
CNTRL 264,010 77 9.7 1.01 -
SSH 246,378 70 8.9 1.12 3%
SMOS 43,054 36 3.0 0.60 62%
SMOS SSH 31,586 43 1.2 1.01 55%
SMOS PERSIST 11,433 5 0.4 0.04 95%

July
CNTRL 9764 86 9.3 2.93 -
SSH 8867 83 18.0 3.28 −23%
SMOS 9685 72 16.4 3.04 −16%
SMOS SSH 8061 65 15.2 3.29 −9%
SMOS PERSIST 2305 3 1.6 0.02 90%

August
CNTRL 18,121 85 20.2 2.94 -
SSH 5291 52 7.9 3.09 41%
SMOS 7482 109 41.0 3.75 −25%
SMOS SSH 21,754 30 4.4 4.15 21%
SMOS PERSIST 7403 8 1.0 0.09 85%

In combining SMOS with SSH, additional improvements are also exhibited for several plume
metrics, more systematically for the forecast (Table 4) than as seen for the analysis period (Table 2).
The plume area, for example, improves for an additional 10%, 4% and 17% during the January, April,
and July forecast. This improvement is illustrated in Figure 7 with the structure of the plume better
replicated for the SMOS SSH.

In addition to the model forecasts, a baseline of persistence was included. Since the SMOS dataset
represents a 9-day moving average, good persistence skill in the plume statistics are highly likely,
especially in an area with slowly evolving dynamics [23,36], where persistence forecast excels over 16
days [37].
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(a) (b) (c) (d)

Figure 7. The 34 PSU plume area for (a) the control (CNTRL), (b) sea surface height (SSH), (c) SMOS
and (d) SMOS SSH assimilation forecast (black filled) and SMOS data (red outlines) averaged for the
January forecast. Overlaid are arrows denoting the orientation and distance to centre of mass for each
experiment (white) and the SMOS data (red). The bottom left numbers denote the area of the plume for
each experiment (black) and the SMOS data (red).

Consequently, for many plume metrics over most months, the SMOS PERSIST forecast did indeed
perform the best with the lowest errors and largest average improvement over the CNTRL (85–95%).
So while SMOS or SMOS SSH assimilation forecast often outperforms the CNTRL, as seen in Figure 7,
SMOS PERSIST is consistently better.

Again it is worth emphasising that the assessment of the SMOS plume specific statistics during the
forecast are a measure of whether the model can retain improvements attained during the assimilation,
rather than an independent validation of the forecast. This independent validation will instead be
examined later for Argo floats present.

Nevertheless, the plume area statistics comes closest to showing some skill in these metrics
beyond persistence. Figure 8 illustrates the time series of the plume area error for each experiment,
split up into each month. For January and August, the SMOS SSH and SMOS assimilation forecast
perform well, with persistence often exhibiting growing errors, contrary to the relatively stable model
forecasts. For April and July, persistence is the most beneficial, with SMOS and SMOS SSH forecasts
experiencing notable errors in April larger than −20,000 km2.

Argo floats present for the forecast period can be used as an independent validation (Table 5).
On average, for the whole domain, the Argo float MAE errors for the SMOS or SMOS SSH assimilation
experiment were the smallest for three of the four months analysed. This result suggests that persistence
has its limitations for independent data, and the SMOS assimilation forecast is valuable.

Table 5. The mean absolute error (MAE) computed for Argo float samples for each experiment (CNTRL,
SSH, SMOS, SMOS SSH) assimilation forecast over each month. An additional forecast denoted SMOS
PERSIST is included. The Argo float MAE for the SMOS data itself (SMOS DATA) during the forecast
period is also shown for comparison. The samples are split into whole domain MAE statistics or inside
plume only. The number of Argo float samples over which each MAE is computed is also presented.

Whole Domain Inside Plume

No. of Float Samples

Jan Apr Jul Aug Jan Apr Jul Aug

31 21 25 27 5 4 2 1

Forecast Exp. Name MAE (PSU) MAE (PSU)

CNTRL 0.43 0.27 0.28 0.23 0.89 0.67 0.86 0.98
SSH 0.69 0.33 0.19 0.28 2.04 0.74 0.59 0.85
SMOS 0.21 0.33 0.18 0.20 0.36 1.20 0.28 0.89
SMOS SSH 0.19 0.35 0.21 0.21 0.33 1.26 0.48 0.97
SMOS PERSIST 0.22 0.32 0.25 0.22 0.52 0.90 0.31 0.61

SMOS DATA 0.16 0.28 0.17 0.24 0.25 0.86 0.27 0.85
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Figure 8. The plume area error as a function of forecast time, split into the four months for each
forecast; CNTRL (blue solid line), SSH (yellow dashed line), SMOS (green dotted line), SMOS SSH (red
dashed dot line) and SMOS PERSIST (purple solid line). A black dashed line highlights the zero error
mark. Note the day four starting date is due to the computation of a 9-day moving average for the
model forecast. This average enables an appropriate comparison with the SMOS data set. Forecasts not
displayed within a certain month, indicate the errors are beyond the axis limits (−40,000 to 40,000 km2),
as in January and April for the CNTRL and SSH forecasts.

For January, the SMOS SSH assimilation forecast improves over the CNTRL by 60% and SMOS
PERSIST by 14%. For plume-detected Argo floats this improvement is even more pronounced at 63%
and 37%. For April, contrary to all previous indications, the CNTRL performs the best. The SMOS data
during the April forecast period validates with the Argo floats relatively poorly with an MAE of 0.28
PSU, slightly larger than the CNTRL error at 0.27 PSU. It follows that the CNTRL model is more likely to
outperform the SMOS forecast, where a strong correlation (0.93 < 0.05) between the CNTRL-SMOS data
error difference and CNTRL–SMOS forecast error difference exists (Figure 9). This poor performance
is even more apparent for Argo floats inside the plume, where the CNTRL improves over the SMOS
forecast by 44%. This degradation in performance is similar to the analysis January period (Table 3),
where the SMOS data was found to contain larger errors than the SSH analysis, and thus the resulting
SMOS analysis performed inadequately. For July, the SMOS assimilation forecast has the smallest
whole domain Argo float MAE, improving over the CNTRL by 36% and over persistence by 28%. The
two plume-detected Argo floats also exhibited this trend improving over the CNTRL and persistence
by 70% and 10% respectively. Finally, for August, the SMOS assimilation forecast had the smallest
Argo float MAE, improving over the control by 13%. Although, the difference between the CNTRL,
SMOS forecast, SMOS SSH forecast and SMOS persistence was minimal from 0.01 to 0.04 PSU. A single
Argo float was determined to be inside the plume during the August forecast. The location was very
close to the edge of the model domain, where boundary errors dominate the model results. Therefore
persistence performed well as expected.
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Figure 9. A scatter plot of the Argo float CNTRL error minus the Argo float SMOS forecast error against
the Argo float CNTRL error minus the Argo float SMOS data error. The data is split into each study
month, January (green), April (orange), July (blue) and August (pink). Outside (inside) plume samples
are represented as circles (pluses). A linear regression is overlaid with a shaded bootstrap confidence
interval. An additional shaded area for values <0 is displayed to highlight Argo float CNTRL errors
that outperform both the SMOS analysis and SMOS data.

We now focus on the spatial distribution of forecast errors for the Argo floats across the domain.
Furthermore, we alternatively present the skill score against persistence (Figure 10). Positive values
represent improvements over persistence (green triangles), while negative values (purple circles)
indicate degradation over persistence. Green pluses and purple crosses are used as an alternative
representation for plume-detected Argo floats.

For January (first row of Figure 10), the CNTRL cannot outperform persistence for the majority of
the Argo float samples, especially in the north, towards the plume. The SMOS assimilation forecast
mostly corrects this, with some Argo floats remaining favoured towards persistence. For April (second
row of Figure 10), the CNTRL is the best performing forecast for the majority of Argo floats. The forecast
from the assimilation of SMOS does not significantly improve results with both improvements and
degradation present. For July (third row of Figure 10), systematic improvements are seen for the
assimilation of SSH and SMOS forecast. Interestingly, the improvement of SSH forecast can almost
replicate the improvements as seen in the SMOS forecast. Improvements in the circulation are likely
contributing to improvements in salinity advection. However, only the SMOS forecast can dramatically
improve the plume-detected Argo floats in the north of the domain. Finally, for August (final row of
Figure 10), improvements for the SMOS assimilation are mostly exhibited for the central cluster of
Argo floats as compared to the CNTRL.

For every Argo float sample available during each month’s forecast period (104 in total) the
percentage of forecast skill scores above zero (positive values) can be computed. This represents the
portion of persistence favoured Argo floats as compared to each experiment forecast. For example, the
SMOS and SMOS SSH assimilation forecast contain 55% positive skill scores. This proportion split
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means these forecasts are 5% more likely to outperform persistence. Much larger than both the CNTRL
and SSH experiments at approximately 40%, meaning that persistence is instead 10% more likely to
outperform these forecasts.

i

CNTRL
ii

SSH
iii

SMOS
iv

SMOS SSH

Figure 10. The Argo salinity skill score (persistence baseline) over January (1st row), April (2nd row),
July (3rd row) and August (4th row) analysis for experiments (i) CNTRL, (ii) SSH, (iii) SMOS and (iv)
SMOS SSH. Positive (green triangles) represent model errors smaller than persistence, while negative
(purple circles) represent model errors larger than persistence. Purple crosses (instead of triangles) and
green pluses (instead of circles) are alternatively displayed to represent the plume detected samples
as seen in Figure 3. The average 34 PSU isohaline computed from the SMOS data for each respective
month (forecast period) is overlaid in black.
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4. Discussion

The CNTRL and SSH assimilation experiments inadequately reproduced observations of the
Congo River plume (via SMOS plume statistics and Argo float comparisons). A few hypotheses can
be put forth to explain this deficiency. Firstly, the discharge of the plume may be incorrect. The river
input is based on 103 years of data which ends in 2005 (Figure 2). The standard deviations for this
dataset range from only 10–15% of the mean value. The discharge error is thus unlikely to account for
the extreme differences between the observations and the control. Deficiencies in the mixing schemes
and resolution could limit the plume simulation, especially near the river mouth. The Angola Basin
ROMS model has a resolution of 10 km with two grid points representing the opening of the Congo
River channel Recently, Bars et al. [15] employed a multi-scale unstructured mesh model to simulate
the Congo river-to-sea continuum, with elements as small as 200 m in the river and estuary and as
large 20 km in the deep ocean. They note the river flow is characterised by smaller length scales
that require a higher resolution. Therefore, it is clear that the resolution of the Congo within Angola
Basin ROMS could be restricting the mixing of freshwater, and thus enabling a very fresh bias to
expand into the open ocean where the general ocean circulation could propagate the bias into the
basin. Furthermore, extreme gradients in the bathymetry such as those found near the Congo Canyon
(originating downstream of the river) are particularly challenging [15]. The surface forcing from ERA-I
could also generate errors. For example, local 10 m winds not correctly captured within ERA-I could
result in erroneous currents that inaccurately advect the plume. Total precipitation errors will also
affect the upper ocean salinity. This changes the evaporation minus precipitation (E-P) value that
determines the net flux of freshwater into the ocean. Finally, the boundary conditions from HYCOM
could contain an inaccurate salinity field that is propagating into the domain. However, despite these
apparent difficulties, the assimilation of SMOS can successfully constrain the plume and adjust any
prior bias in the model salinity as seen in the control.

Either the SMOS or SMOS SSH experiments performed the best for the majority of metrics in
the analysis and forecast. It is well documented that the assimilation of SSH improves the large-scale
ocean circulation [38–42] and this, in turn, could become especially important for the forecast of the
plume with the improved currents spreading the adjusted plume (via the SMOS assimilation) more
realistically. The free-running model forecast is no longer constrained by the regular daily SMOS
assimilation and instead relies on the dynamics of the circulation spreading the far-field plume. While
this suggests the assimilation of solely SSH should also improve the plume, deficiencies in CNTRL
plume structure are likely already too large to correct from the adjustments in circulation patterns and
multivariate correlations in the background error covariance.

Several Argo floats were crucially available throughout the domain for independent verification
during each month. The SMOS assimilation analysis and forecasts performed the best most months
analysed with the smallest Argo float errors. The addition of the SSH, as in the combined assimilation of
SMOS with SSH, often slightly degraded the results. A hypothesis for this degradation is related to the
relative weighting of the observations and model within the 4D-Var system. Most Argo float samples
were located further away from the plume, where the standard deviation of the model climatology
simulation drops below 0.2 PSU (not shown). Therefore with a 1.2 PSU SMOS observation error, the
cost function is heavily weighted towards the model, only subtly changing the sea surface salinity
field within the model, while also adjusting the salinity field via the multivariate balance options and,
the evolution of the tangent linear (TL) and adjoint (AD) models from the SSH assimilation. This is
the limitation of using a static covariance matrix within 4D-Var. Advanced hybrid methodologies
(Hybrid-4DVar) are likely to improve results. Usually this involves replacing the static background
error covariance matrix with an ensemble covariance computed from using an ensemble of non-linear
model runs at each assimilation time [43]. Implementing this system into ROMS IS4D-Var is beyond
the scope of this study.

While a simple persistence forecast proved to be a good predictor of the majority of plume
statistics (computed from the SMOS data), persistence could not provide an adequate forecast for the
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Argo floats. However, it was found that when the SMOS data validated poorly against the Argo floats
during the analysis (forecast) period, as compared to the CNTRL or SSH analysis (forecast), the SMOS
or SMOS SSH analysis (forecast) also performed poorly. While this result is somewhat trivial, it is vital
to note that the capability of the model is intrinsically linked to the quality of the data.

The difference in the temporal resolution between the Argo floats, and SMOS data could explain
the discrepancy in this comparison. The Argo floats represent the surface salinity at a much shorter
time scales than the SMOS data (a 9-day moving average product). Therefore, the plume’s extent is
highly likely to be underestimated, and details near the plume will not be captured [4]. Still, despite
this clear limitation, the SMOS forecast performed well for the majority of months analysed.

Lu et al. [18] showed that for the assimilation of SMOS the root mean squared error (RMSE)
of the modelled sea surface salinity field compared with Argo float salinity data within the tropics
(20◦S–20◦N) reduced by approximately 30% as compared to a control. This result held only for the
open ocean as Lu et al. [18] used an older version of the BEC data [44]. Nevertheless, an improvement
in the model when assimilating SMOS is similarly found in the experiments presented in this study.
Köhl et al. [19] assimilated a different SMOS product (processed by the University of Hamburg)
globally but found conflicting results to Lu et al. [18] and this study (negative to neutral impacts on the
salinity field for the open ocean). Lu et al. [18] noted differences in the observation error covariance,
models and data assimilation methods and SMOS datasets as possible reasons for this discrepancy.
Finally, Mu et al. [21] recently assimilated a bias-corrected version of the updated SMOS dataset.
They found up to 70% improvements with an RMSE less than 0.1 PSU, although it should be noted
that their control RMSE was initially 0.3 PSU, smaller than the control for this study (RMSE errors of
0.4-0.7 PSU).

5. Conclusions

A first attempt of assimilating satellite salinity to model a major river plume has been presented.
The latest version of SMOS, a satellite salinity product, was recently (2017) processed with an updated
technique to reduce errors near the coast. This allows more frequent coastal data, which could be
employed in a DA system of the Congo River plume. The ROMS Angola Basin configuration with
IS4D-Var assimilated SSH, SMOS or SMOS SSH combined for four months.

The metrics applied to assess the assimilation analysis revealed that the SMOS observations were
successfully assimilated during each month and maintained improvements throughout a subsequent
forecast. The SMOS structure was well replicated within the model with regards to the plume area,
distance to the centre of mass, orientation and average salinity within. Independent Argo float salinity
profiles were available during the months analysed. The MAE of the Argo floats during the majority
of months analysed reduced as compared to the control and persistence with the assimilation of
SMOS. There are limitations to the current model, which are most likely due to a higher horizontal
resolution required to resolve the upstream plume mixing. However, it has been shown that the
current generation of satellite salinity observations can be successfully used to constrain a large river
plume such as that produced by the Congo River. This successful assimilation stage could be the first
step in producing operational forecasts of river plumes in the future.
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Abstract: The Algerian Basin is a key area for the general circulation in the western Mediterranean
Sea. The basin has an intense inflow/outflow regime with complex circulation patterns, involving both
fresh Atlantic water and more saline Mediterranean water. Several studies have demonstrated the
advantages of the combined use of autonomous underwater vehicles, such as gliders, with remotely
sensed products (e.g., altimetry, MUR SST) to observe meso- and submesoscale structures and their
properties. An important contribution could come from a new generation of enhanced satellite sea
surface salinity (SSS) products, e.g., those provided by the Soil Moisture and Ocean Salinity (SMOS)
mission. In this paper, we assess the advantages of using Barcelona Expert Center (BEC) SMOS
SSS products, obtained through a combination of debiased non-Bayesian retrieval, DINEOF (data
interpolating empirical orthogonal functions) and multifractal fusion with high resolution sea surface
temperature (OSTIA SST) maps. Such an aim was reached by comparing SMOS Level-3 (L3) and
Level-4 (L4) SSS products with in situ high resolution glider measurements collected in the framework
of the Algerian Basin Circulation Unmanned Survey (ABACUS) observational program conducted in
the Algerian Basin during falls 2014–2016. Results show that different levels of confidence between in
situ and satellite measurements can be achieved according to the spatial scales of variability. Although
SMOS values slightly underestimate in situ observations (mean difference is −0.14 (−0.11)), with a
standard deviation of 0.25 (0.26) for L3 (L4) products), at basin scale, the enhanced SMOS products
well represent the salinity patterns described by the ABACUS data.

Keywords: sea surface salinity; BEC SMOS products; Mediterranean Sea; Algerian Basin;
ABACUS gliders

1. Introduction

The Algerian Basin (hereafter AB) is a wide and deep transit region located in the western
Mediterranean Sea, of which it constitutes the southern part. This basin is about 750 km wide at 38.5◦N
between the coast of Spain and the Sardinia Channel, while the latitudinal extension between the
Algerian Coast and the Balearic Islands (at 2.5◦E) is about 250 km. The AB is characterized by the
presence at surface levels of both fairly fresh water coming from the Atlantic (Atlantic water, hereafter
AW) and more saline waters, which typically reside in the Mediterranean region (Mediterranean
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water, MW). According to different stages of mixing, geographical position, and residence time
in the Mediterranean Sea, AW properties vary across this basin, ranging between 14–27 ◦C and
36.5–38.0, in terms of potential temperature and salinity respectively. The Levantine intermediate water
(LIW), typified by subsurface temperature and salinity maxima, is also present at intermediate levels
(400–900 m depth), with a typical potential temperature lower than 13.5 ◦C and a salinity of about
38.5. The western Mediterranean deep water (WMDW) occupies deeper layers, being characterized by
temperatures of about 13 ◦C and salinity values ranging between 38 and 38.9 [1–3].

The general circulation of these water masses is strongly influenced by both the intense
inflow/outflow regime [2,4] and the complex circulation patterns [5–7], which act in the AB at
different spatial and temporal scales [8]. In particular, AW carried by the Algerian Current (AC)
generates several fresh-core coastal eddies that propagate downstream [9,10] and promote water mass
mixing, thus affecting the spatial distribution of salinity, and, consequently, the Mediterranean Sea
surface circulation. These mesoscale energetic structures also have marked repercussions on nutrient
injection (removal) into (out of) the euphotic layer. In fact, a large anticorrelation between sea level
anomalies and phytoplankton biomass has been previously observed in the AB [11], thus suggesting
a clear response of biological activity to the shoaling/deepening of isopycnals [12]. As part of the
southwestern Mediterranean region, this basin is also known to be particularly responsive to climate
change [13,14], and the Mediterranean waters flowing in this area have already shown significant
trends at different depths in both temperature and salinity [15–18].

Moreover, the convection processes occurring in the northwestern Mediterranean feed the
formation of western Mediterranean deep water (hereafter WMDW), which contributes to the
Mediterranean thermohaline circulation. These deep waters have become saltier and warmer for at
least the past 40 years at rates of about 0.015 and 0.04 ◦C per decade [19], but the budget of salt involved
in the formation of WMDW is still under investigation [20–22]. WMDW convection is also associated
with the vertical mixing that enriches the surface layer with critical nutrients, thus contributing to
spring bloom and primary production rates [23]. These phenomena have been intensively studied in
recent years, but a complete knowledge of the mechanisms acting in the AB is still pending. Thus, both
accurate observations of surface salinity and reliable estimates of salt budgets are essential to support
the scientific efforts to model past and future evolution of Mediterranean climate and give an answer
to these open questions.

Although the Mediterranean region is strongly affected by radio frequency interference (RFI) and
systematic biases due to the coast contamination, European Space Agency (ESA) soil moisture and
ocean salinity (SMOS) [24,25] sea surface salinity (SSS) products have been already used to detect
mesoscale structures and reconstruct coherent currents in the AB [26]. Nevertheless, evident biases
were found when analyzing SSS values in comparison with Argo floats. To overcome these problems,
a new set of SMOS SSS enhanced products [27] has been obtained at the Barcelona Expert Center (BEC)
through a combination of debiased non-Bayesian retrieval [28], deletion of time-dependent residual
biases by means of DINEOF (data interpolating empirical orthogonal functions) [29], and multifractal
fusion with high resolution sea surface temperature (OSTIA SST) maps [30].

Several studies have assessed the advantages of multiplatform ocean monitoring over different
scales, including mesoscale, and at different latitudes [31–37]. Recent experiments demonstrated
that combining new technologies for in situ data collection, mainly autonomous underwater vehicles
(AUVs), and reliable satellite data in the AB (e.g., [12,38,39]), provides useful contributions to properly
address state-of-the-art scientific challenges [40–42]. AUVs allow the collection of high resolution
physical and biochemical data along the water column from surface to 975 m depth [17], while their
use in combination with remote sensing observations provides a better understanding of basin-scale
processes, such as those influencing the southwestern Mediterranean Sea dynamics [38,43].

Furthermore, information collected through AUVs in the AB has already confirmed their usefulness
in the validation of new satellite altimetry products, e.g., those coming from the SARAL/AltiKa [7] and
the new Sentinel-3 mission [44]; AUV activities in the AB are also fully involved in the framework of
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upcoming satellite missions, such as the Surface Water and Ocean Topography (SWOT) wide-swath
radar interferometer [45,46].

In such a context, this study compares ABACUS (Algerian Basin Circulation Unmanned Survey)
in situ high resolution glider measurements collected in the AB during fall 2014–2016 with co-located
SMOS enhanced SSS L3 and L4 products, provided by BEC, in order to confirm that retrieving reliable
SMOS SSS in the Mediterranean region is indeed possible.

ABACUS glider cruises were developed along a repeated monitoring line across the AB, and
allowed the collection of a huge dataset of physical and biological ocean parameters in the first 975 m
of the water column. Even though the present study is restricted to a particular area, i.e., the AB, we
strongly believe that the scientific community could use our results to enlarge the knowledge of the
western Mediterranean Sea and to refine the use of glider missions to validate SMOS SSS products in
other regional-scale studies (e.g., those focusing on the Agulhas Leakage, the Malvinas Confluence,
the Gulf Stream). BEC SMOS SSS L3 and L4 products, as well as glider measurements and mission
strategies, are described in Section 2. Results and discussion are presented in Section 3. Finally,
Section 4 reports prominent conclusions.

2. Data and Methods

2.1. Glider In Situ Observations

In 2014, a new repeated monitoring line was created in the western Mediterranean, in the
framework of the ABACUS project. Since then, five glider missions have been carried out in the AB
from 2014 to 2019, permitting a significant overlap with the satellite SMOS mission and products. In
the present work, the glider data collected during the autumns from 2014 to 2016 were used (Figure 1).
Additional ABACUS campaigns were developed during fall 2017 and spring 2018 and 2019, but
the collected measurements are still under quality control analyses and have not been released yet.
Conversely, the ABACUS 2014–2016 dataset was fully quality controlled and is available through a
public repository at https://dx.doi.org/10.25704/b200-3vf5. This dataset includes a total of eight glider
transects realized between the Island of Mallorca and the Algerian Coast to collect temperature, salinity,
turbidity, oxygen, and chlorophyll concentration measurements between surface and 975 m depth.

Each mission had an average duration of about 40 days and was always performed in the same
season, i.e., between September and December. The timing of the missions was accurately planned
in order to provide synoptic in situ observations with respect to the satellite SARAL/AltiKa and
Sentinel-3A passages. In 2014 and 2015, after the realization of the defined transects, the glider was
deviated from the monitoring line in order to sample specific mesoscale structures identified through
near real time satellite altimetry and SST maps (Figure 1).

ABACUS data were collected through Slocum G2 deep gliders diving with an angle of 26◦ with
the sea surface, at an average vertical speed of 0.18 ± 0.02 m/s. The resulting net horizontal velocity is
about 0.36 m/s.
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Figure 1. Glider tracks during the missions: ABACUS (Algerian Basin Circulation Unmanned Survey)
1 (red dots), ABACUS 2 (green dots), and ABACUS 3 (blue dots); sub-transects are identified through
numbers as in Section 3. The groundtracks of the SARAL/AltiKa (grey dashed lines) and Sentinel 3
(yellow dashed lines) satellites over the study area are also shown. Adapted from Reference [17].

The two autonomous platforms used during the ABACUS surveys were equipped with the same
instrumentation: a glider-customized CTD by Seabird measuring temperature, salinity (derived from
conductivity), and depth; a two-channel combo fluorometer and turbidity sensor by WetLabs; and
an oxygen optode to measure absolute oxygen concentration and saturation by AADI. Temperature
and salinity were sampled to full diving depth (0–975 m depth). Oxygen data were collected to the
same depth, while the acquisition of the other optical parameters ceased at 300 m depth. Physical
parameters (temperature and salinity) were sampled at 1/2 Hz, resulting in a vertical resolution of
0.4 m along the water column. CTD details are listed in Table 1. Furthermore, it is important to
remark that glider measurements were not precisely at the sea surface; however, they were closer to the
ocean–atmosphere interface than Argo can usually achieve. In fact, the shallowest glider observations
range between 0.22–0.99 m depth during ABACUS surveys, while Argo floats usually stop pumping
water around 2–5 m depth.

Table 1. Sampling rate and vertical resolution of ABACUS gliders’ conductivity-temperature-depth
(CTD) sensors (* full scale range).

Parameter Instrument
Sampling
Rate (Hz)

Vertical
Resolution (m)

Depth
Range (m)

Accuracy Resolution

Conductivity (C)
Temperature (T)

Depth (D)

Seabird GPCTD
glider payload
pumped CTD

1/2 0.4 0 to −975
C: ±0.0003 S/m

T: ±0.002 ◦C
D: ±0.1% fsr *

C: 0.00001 S/m
T: 0.001 ◦C

D: 0.002% fsr *

Temperature and salinity sensors were regularly calibrated after every glider mission in order to
guarantee the quality of the measurements. After each mission, data were transferred from the internal
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glider memory to the SOCIB Data Center, where data processing was carried out and production of
delayed time NetCDF files (i.e., level 1 and level 2) occurred before web dissemination of the data.

In the present study, we make use of the level 2 salinity dataset that includes regularly sampled
vertical profiles obtained by interpolation of level 1 data from each up or downcast. Data processing
included thermal lag correction, which was applied following a specific procedure developed for
gliders [47], filtering, and 1 m bin vertical averaging [48]. Nevertheless, an additional quality control
procedure was developed and regularly performed at University of Naples “Parthenope” to identify
and discard bad data and artifacts that were still present after the level 2 processing. This procedure
included a single-point spike control, an interpolation of single missing data along the profiles, and a
five-point running mean along the depth; finally, an iterative comparison between adjacent profiles was
performed [17]. As for salinity measurements, the detailed results previously reported [17] confirm
that ABACUS glider uncertainties are smaller than the typical values that characterize the AB natural
variability at surface layer, and thus are accurate enough to capture and correctly describe the main
thermohaline properties of the AB water masses and their variability.

Finally, it is important to remark that during the 2014 surveys, only the downcast samplings were
collected, breaking the surface at every 8 km; both downcasts and upcasts were gathered in the mission
conducted in 2015 with no changes in surface breaking; in 2016, the glider was programmed to break
surface after every profile (4 km), acquiring both upcast and downcast data. These changes in the
sampling and navigation strategy improved the data collection in the very surface layer (depth <20 m),
and provided a more suitable dataset for the chased comparison with satellite data. Indeed, spatial
resolution of in situ measurements was improved from 4 km to 2 km, and the number of samples
collected in the 0–10 m depth layer increased significantly (i.e., from 25 in 2014 to 150 in 2016, for a
regular 12 km interval).

2.2. SMOS L3 and L4 Sea Surface Salinity Products

ABACUS in situ observations were compared to co-located L3 and L4 maps of SMOS SSS, recently
obtained at the BEC through the methodology developed by Reference [27]. This methodology
takes advantage of a combination of the new retrieval debiased non-Bayesian algorithm, DINEOF,
and multifractal fusion to retrieve enhanced SSS fields over the North Atlantic Ocean and the
Mediterranean Sea.

The debiased non-Bayesian aims to mitigate the systematic biases associated with the SMOS
acquisitions. These are the biases that are expected to be constant under the same acquisition conditions
(i.e., those associated to the same location, satellite overpass direction, and antenna coordinates). This
methodology has been demonstrated to mitigate a large part of the errors produced by land–sea
contamination and errors associated to permanent sources of RFI. However, some residual errors
associated with intermittent sources of RFI and residual land–sea contamination were still present
in the resulting retrievals. Parts of the temporal dependent residual errors have been characterized
and corrected using DINEOF decomposition. The empirical orthogonal functions correlated with the
temporal dependent residual errors were removed from the SMOS salinity maps. At the end, the
resulting L3 maps provided root mean square differences with respect to an Argo salinity of 0.3 (see
Table 2 in Reference [27]). After applying both corrections, the spatial distribution of the errors is pretty
uniform in the western Mediterranean (see Figure 5 in [27], first plot of the second row). This suggests
that the errors associated with land–sea contamination and RFI in the western Mediterranean have
been mitigated. Conversely, systematic negative biases still appear in the eastern part of the basin, of
which regions appear more degraded due to RFI contamination.

Furthermore, multifractal fusions were applied to BEC SMOS L3 maps in order to increase the
spatial and temporal resolution of the SMOS salinity maps. This was done using OSTIA SST maps
as a template [49]. The resulting L4 maps showed coherent (and better resolved) spatial structures
in some specific regions, as the Alboran Sea and the Gulf of Lion. Due to limitations of the fusion
methodology and of the effective spatial resolution of the template, the effect of the fusion method
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sometimes produces an additional smoothing to the SSS maps, preventing an actual improvement of
the effective resolution of the L3 maps. This phenomenon has also been observed during the present
study; although several structures are better resolved by L4 products, we did not observed an evident
improvement of the effective resolution for all the analyzed SSS maps of the AB.

Nonetheless, these products present an improved accuracy in the Mediterranean basin with
respect to the objectively analyzed maps and the L4 products previously available, i.e., a reduction of
both the seasonal bias and the standard deviation of the error [27].

In this study, we used L3 nine-day binned maps at 0.25◦ and L4 daily maps at 0.05◦, which are
freely available at http://bec.icm.csic.es/ocean-experimental-dataset-mediterranean/. L3 maps are
generated by using 9 days of SMOS acquisitions and by applying a scheme of objective analysis. They
are generated daily on a grid of 0.25◦ × 0.25◦. L4 maps are generated by fusing the nine-day L3 maps
with daily OSTIA SST maps, so that the day of the SST map corresponds to the central day of the SMOS
nine-day period. The L4 SMOS SSS maps inherit the resolution of the OSTIA SST maps (0.05◦ × 0.05◦).

The co-location of SMOS and glider SSS was performed comparing the uppermost (0–10 m) SSS
measurements provided by the ABACUS gliders at the instant t0, with the SMOS SSS field given by
the nine-day map (t0 at 4 days). ABACUS SSS deeper than 10 m were not considered in this study.

2.3. Altimetry and Sea Surface Temperature Maps

In this study, we combined altimetry observations and SST information in order to improve the
description of the main features of the western Mediterranean Sea during the analyzed glider surveys.
The final goal was to evaluate the presence of filaments and mesoscale structures that could have
caused the observed difference between SMOS and glider SSS values.

As for altimetry, we used Mediterranean Sea gridded L4 daily absolute dynamic topography
(ADT) and geostrophic currents computed with respect to a twenty year 2012 mean by Optimal
Interpolation, merging the measurement from all altimeter missions (i.e., Jason-3, Sentinel-3A,
HY-2A, SARAL/AltiKa, Cryosat-2, Jason-2, Jason-1, T/P, ENVISAT, GFO, ERS1/2) through the
DUACS multimission altimeter data processing system [50]. To produce reprocessed maps of
ADT in delayed-time, this system uses the along-track altimeter missions from products called
SEALEVEL*_PHY_L3_REP_OBSERVATIONS_008_*. The datasets are available from the CMEMS web
portal (http://marine.copernicus.eu/services-portfolio/access-to-products/).

L4 SST foundation data were provided by the NASA Jet Propulsion Laboratory Physical
Oceanography Distributed Active Archive Center (PODAAC). We opted for MUR-SST foundation
products (full name JPL-L4_GHRSSTSSTfnd-MUR-GLOB-v02.0-fv04.1) that spanned from June 2002
to the present [51]. The dataset is available at ftp://podaac-ftp.jpl.nasa.gov/allData/ghrsst/data/L4/
GLOB/JPL/MUR as a netCDF file containing daily global SST data at a spatial resolution of 0.01◦ in
longitude–latitude coordinates (about 1 km intervals). These maps are made mostly from satellite SST
measurements, with help from surface observations from ships and buoys. Ultra-high resolution is
achieved for the MUR-SST foundation dataset through the application of a multi-resolution variational
analysis. In general, this dataset compares well in magnitude and phase with the lower resolution
products (e.g., OSTIA); it also allows identification of interesting finer scale structures that are most
likely due to meso- and submesoscale eddies.

3. Results and Discussion

We compared SMOS SSS, which represents few centimeters of depth, and the corresponding
integrated value of the pixel area, with the mean salinity value provided by the first 10m depth of
ABACUS observations. This subset was chosen according to the analysis of SSS values measured
by ABACUS glider. To this aim, observations collected in the first 10 m depth were divided into
three bands, i.e., 0–3 m, 3–6 m, and 6–10 m depth. The example reported in Figure 2 shows that SSS
did not present a significant variability with depth in this very surface layer during the ABACUS 1
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glider surveys; this result reflects the thermocline location at depths greater than 10 m during these
cruises [17]. Similar results were obtained for the ABACUS 2 and ABACUS 3 observations.

 
Figure 2. Glider sea surface salinity (SSS) collected in the first 10 m depth during the ABACUS
missions 1.1 (a) and 1.2 (b). For each survey, observations are split into three bands, i.e., 0–3 m, 3–6 m,
and 6–10 m depth.
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We then spatially averaged the ABACUS salinity of the 0–3 m layer in the same pixel of SMOS.
The resulting averaged value was compared with SMOS L3 and L4 maps available for different dates
(Figure 3).

 
Figure 3. Comparison between averaged in situ glider salinities (purple dots) and SMOS L3 (green
dots) and L4 (blue dots) SSS during the missions (a) ABACUS 1.1 (Sept–Oct 2014), (b) ABACUS 1.2
(Nov–Dec 2014), (c) ABACUS 2.1 (Oct–Nov 2015), (d) ABACUS 2.2 (Nov–Dec 2015), (e) ABACUS 3.1
(Nov 2016), and (f) ABACUS 3.2 (Dec 2016).

3.1. Overall Results

In spite of the limitation associated with the differences in the spatial and temporal resolutions,
the enhanced SMOS products represent well the salinity patterns described by in situ SSS, although
slightly underestimating ABACUS observations. Over 6799 comparisons, a mean difference of −0.14
was estimated between SMOS L3 and ABACUS SSS, the standard deviation of difference (std) being
0.25. The achieved results are similar to those previously estimated by Argo floats (−0.16, with a std
of 0.34) [27], and fall within the range of variability that typically characterizes AB surface salinities
during the September–December season [17]. The very small uncertainties associated with the glider
measurements do not seem to appreciably condition these statistics.
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Figure 3 shows that SMOS L3 retrievals represent well the qualitative evolution of surface salinity
along the glider transects. Nevertheless, SMOS estimations were still far to be coincident with
in situ high resolution measurements, and their smoothed behavior prevented them reproducing
local variability, possibly due to submesoscale structures, lenses, and other small scale phenomena
intercepted by gliders and recorded in the in situ dataset. In this sense, the main statistics of the
analyzed ABACUS surveys, reported in Table 2, suggest that SMOS L3 retrieval capability can vary
largely across different glider experiments, depending on local dynamics and ocean structures.

Similar results were achieved from the comparison with SMOS L4 products that returned a
mean difference (SMOS-ABACUS) of −0.11 and a std of 0.26; linear correlation among satellite and
in situ datasets (R-values in Table 2) was not improved significantly by L4 products, except during
the ABACUS 1 survey. This suggests that specific features captured by in situ observations are not
resolved by SMOS products, even the L4 one.

However, the advantages of the downscaling algorithm used for producing L4 products emerge
when looking at the latitudinal comparisons between ABACUS and SMOS products. Figures 4 and 5
show that L4 SSS are generally saltier than L3, thus being typically closer to in situ SSS measurements.
This is more evident at lower latitudes, i.e., between 37.1 and 37.5◦ N, where SMOS L4 SSS are saltier
than L3 by a factor of up to 0.2. On the other hand, L4 estimations can be smoother than L3, thus
a lower correspondence to glider observation was found in other sub-regions of the study area, i.e.,
between 38.2 and 38.6◦ N, where L3 products manage to capture part of the finer scale phenomena that
L4 products are not able to describe.

In general, we can assess that, for the most of the co-locations, SMOS measured fresher SSS than
the in situ, with larger discrepancies at the edges than in the middle of the transects. Nevertheless,
some positive differences (SMOS saltier than in situ) were observed locally (i.e., in proximity of the AC
during the December 2016 cruise and in short segments of the other transects), although usually lower
in absolute value than those typically observed in case of fresher SMOS SSS anomalies.

The largest differences were located at the northern and southern edges of the transects during the
four glider surveys carried out in September/October 2014 (Figures 4a and 5a), November/December
2014 (Figures 4b and 5b), October/November 2015 (Figures 4c and 5c), and December 2016 (Figures 4e
and 5e). This could suggest that differences are due to some kind of residual land–sea contamination
or non-permanent RFI in the satellite data. However, during November 2016 (Figures 4d and 5d), the
maximum differences were not in the edges but in the latitude range of 38.0–38.2◦ N, that is, in the
middle of the AB, and too far from the coast.

Although we were conscious that several studies (e.g., References [26,52]) previously demonstrated
that interpolated SMOS SSS fields are able to resolve intense mesoscale structures that generally coincide
with those identified by gliders and described by altimetry and MODIS images [7,12], we tried to
correlate the ABACUS-SMOS differences that came to light with the presence of oceanographic
mesoscale events that the fine spatial–temporal resolution of the glider is able to capture but the
satellite probably cannot. This was intended to identify a possible origin of the increase of the error in
the observed sub-regions. To this aim, we analyzed satellite SST and altimetry maps over the study
area in order to evaluate: (i) the presence of interesting mesoscale structures; and (ii) the eventual
interactions with peculiar water masses, in particular at the very active northern and southern edges
of the ABACUS transects which are characterized by the proximity of the Mallorca Channel and the
AC, respectively.

As supposed, our results show that lower correlation values coincide with transects (i.e., ABACUS
1.1, ABACUS 2.1, and ABACUS 2.2) characterized by zone of sharp salinity changes due to intense
mesoscale activity and AC meandering. Hence, we conclude that BEC SMOS products capture well
the broad resolution of the salinity pattern, but cannot properly resolve the finer scale variability that
needs higher resolution to be detected. Several case studies from the analyzed ABACUS surveys are
discussed in detail in the following subsections.
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Figure 4. Comparison between averaged in situ glider salinities (purple dots) and SMOS L3 SSS (green
dots) along latitude, during the missions (a) ABACUS 1.1 (Sept–Oct 2014), (b) ABACUS 1.2 (Nov–Dec
2014), (c) ABACUS 2.1 (Oct–Nov 2015), (d) ABACUS 2.2 (Nov–Dec 2015), (e) ABACUS 3.1 (Nov 2016),
and (f) ABACUS 3.2 (Dec 2016).
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Figure 5. Comparison between averaged in situ glider salinities (purple dots) and SMOS L4 SSS (green
dots) along latitude, during the missions (a) ABACUS 1.1 (Sept–Oct 201), (b) ABACUS 1.2 (Nov–Dec
201), (c) ABACUS 2.1 (Oct–Nov 2015), (d) ABACUS 2.2 (Nov–Dec 2015), (e) ABACUS 3.1 (Nov 2016),
and (f) ABACUS 3.2 (Dec 2016).

3.2. ABACUS 1 Surveys

During the ABACUS experiment carried out in September–October 2014, the most significant
difference between in situ and SMOS SSS was detected at the southern edge of the glider transect,
i.e., between 37.1 and 37.5◦N (Figures 4a and 5a). The glider crossed this region between 24 and 27
September (Figure 3a); the transect’s southernmost waypoint was hit on 25 Sept (at 23:47 UTC). This
means that the largest differences were estimated when the glider was navigating across the border of
the AC influence zone. This area is typically characterized by large instabilities in the surface layer,
with meandering activity that allows AW transported by AC to intrude into the more homogenous
resident surface water of the AB. At the time of SMOS-glider co-location on 26 September (Figure 6),
for example, an intrusion of fresher AW coming from the AC was present in the 0–200m depth section
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of the water column (see Figure 10a in Reference [7]), but could not reach the surface due to the
presence of a local cap of saltier water (up to 37.55). Since SMOS products are strongly influenced by
the presence of the fresher AC, which characterizes the area at large scale, they seem unable to capture
the local variability associated with the meandering instability. The downscaling provided in SMOS
L4 maps improves the capability to identify finer scale features, but cannot completely resolve them.

Figure 6. (a) All-sat-merged AVISO Absolute Dynamic Topography (ADT) and (b) ultra-high-resolution
Sea Surface Temperature (SST) maps of the Alboran Sea and the Algerian Basin on 26 September 2014;
geostrophic currents are represented through black arrows. Glider track in black. Large black dots
represent glider location on each date. ADT in meters, SST in ◦C.

Another significant difference can be found at the beginning of the ABACUS 1.1 survey, when
the glider was crossing the area included between 38.4 and 38.6◦N on its way south from Mallorca
to the AC. In situ SSS showed a rapid and intense increase (up to 0.5 in very few kilometers), with
single salinity values up to 37.79 on 19 September, that SMOS L3 and L4 products could not identify
(Figures 3–5, subplots a). The glider was enough far from the coast to prevent any impact of land
contamination, so the observed sudden increase of salinity could indeed be due to the presence of the
anticyclonic eddy centered at 2.21◦E 38.61◦N crossed by the ABACUS glider along its eastern edge
(Figure 7).
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Figure 7. (a) All-sat-merged AVISO ADT and (b) ultra-high-resolution SST maps of the Alboran Sea
and the Algerian Basin on 18 September 2014; geostrophic currents are represented through black
arrows. Glider track in black. Large black dots represent glider location on each date. ADT in meters,
SST in ◦C.

The region included between 38.4 and 38.8◦N is typically characterized by a meandering salinity
front in the upper layers which dominates the density distribution, often associated with water
salinity asymmetry at the northeastern (saltier) and the southeastern (fresher) edges of the region [53].
A previous study [12] focusing on the mesoscale structure located on the eastern side of the glider
transect, and centered at 38.34◦N 3.83◦E on 18 September (Figures 6 and 7), showed that this eddy
was typically characterized by shoaling of isolines on its borders for all the physical parameters,
as well as for chlorophyll concentration. They also computed vertical velocities across the eddy to
demonstrate the presence of positive (upward) velocities on its southeastern border, thus suggesting
that this mechanism may upwell sub-surface and intermediate water (and associated nutrients) to the
photic layer.

Thus, we suggest that the spotty saltier in situ values (37.47–37.79) collected on 16–19 September
could represent the signature of upwelled saltier sub-surface waters which were intercepted by the
ABACUS glider when navigating across the eastern border of the small eddy centered at 2.21◦E
38.61◦N.

Although SMOS L3 and L4 products retrieve slightly higher SSS in this region in comparison to the
rest of the central part of the Mallorca–AC transect, they cannot identify the maximum values observed
by the glider, confirming their limits in describing the small scale variability which characterizes the
areas of intense local activity. SMOS L4 SSS maps of the Alboran Sea and the AB on 18 September and
26 September 2014 (Figure 8) provide an illuminating example of their scale limitations.
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Figure 8. SMOS L4 Sea Surface Salinity (SSS) maps of the Alboran Sea and the Algerian Basin on 18
September and 26 September 2014—ABACUS 1.1 survey. Glider track in black.

On the other hand, SMOS SSS retrievals correspond well with in situ measurements during the
“butterfly shaped” monitoring (2–12October) of the mesoscale anticyclonic eddy located at the eastern
side of the ABACUS main transect, which detached from the AC and was centered at 38.34◦N 3.83◦E
on 18 September (Figures 6 and 7). As usual, SMOS SSS were generally slightly fresher than those
measured in situ, but they were saltier when the glider was crossing the northeastern region of the
monitored eddy (4–7 October).

Similar results were achieved for the ABACUS 1.2 experiment, with significant differences between
in situ and SMOS SSS identified at the very beginning of the survey (i.e., between 38.4 and 39.0◦N),
when the glider was diving southward from Mallorca to the AC (Figures 4b and 5b), and close to its
southern edge (i.e., between 37.1 and 37.5◦N), when the glider entered the region influenced by the
proximity of the AC. Smaller but significant differences were also found in the central part of the glider
transect (i.e., between 37.7 and 38.0◦N).

The SST maps of the AB at the beginning/end of this survey (Figure 9) present the peculiar features
of this sub-region during the fall season, pointing out the presence of the colder AC flow. Over its area
of influence, the SMOS SSS values remain in the middle of those collected by the two passes of the
glider, which registered fresher and saltier salinities during its southward and northward passages,
respectively (Figures 4b and 5b). SMOS captured the general salinity pattern, but missed the finer scale
variability observed in situ. On the other hand, a very good agreement between glider and satellite SSS
can be observed during the second part of this experiment (1–12 December) when the glider navigated
northward along the easternmost SARAL-AltiKa #229 groundtrack.

These results are consistent with the observed dynamics of the AB (Figure 10), showing that the
glider crossed (i) an area of very intense ocean instability, characterized by the presence of two small
cyclonic structures, on its way south; (ii) a much more homogeneous region, delimited and controlled
by an intense long-living anticyclonic eddy, on its way north.
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Figure 9. Ultra-high-resolution SST maps of the Alboran Sea and the Algerian Basin on (a) 20 November
2014 and (b) 12 December 2014. Glider track in black. Large black dots represent glider location on
each date. SST in ◦C.

 
Figure 10. All-sat-merged AVISO ADT maps of the Alboran Sea and the Algerian Basin on six
representative dates of the ABACUS 1.2 survey. Glider track in black. Large black dots represent glider
location on each date. Geostrophic currents are represented through black arrows. ADT in meters.
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The local variability measured when hitting the mesoscale structures in Figure 10 was always
associated with a lower correspondence of SMOS SSS retrievals; this happened on 20 and 26 November,
when the glider was crossing two small cyclonic eddies, and on 6 December, when it was lining the
western border of a large anticyclonic eddy. SMOS limitations to retrieve finer scale reliable SSS are
evident in Figure 11.

Figure 11. SMOS L4 SSS maps of the Alboran Sea and the Algerian Basin on six representative dates of
the ABACUS 1.2 survey. Glider track in black.

3.3. ABACUS 2 Surveys

As in ABACUS 1, an evident fresh SMOS anomaly was found in the northern part of the ABACUS
2 transect, i.e., between 38.1 and 39.0◦N (Figure 4c), during the glider southward survey from 21 to 23
October 2015 (Figure 3c). This impressive anomaly was not present during the second glider passage
at the end of the ABACUS 2 mission, when satellite and in situ measurements correspond much more.
Nevertheless, it is interesting to observe that on 5–6 December 2015 (Figure 3d) SMOS SSS looked
saltier than those measured in situ in the northern sector of the transect, i.e., between 38.7 and 39.0◦N
(Figure 4d). As usual, these differences were attenuated in L4 products (Figure 3c,d and Figure 5c,d).

SST conditions (Figure 12) and ocean circulation features (Figure 13) over the AB during the
southward and northward transects suggest that the observed differences between SMOS and in
situ salinity values could be ascribed to the presence of an intense mesoscale circulation south of the
Mallorca Island, which was passed through by the ABACUS glider during its southward transect along
the SARAL-AltiKa groundtrack #229 (Figure 1). In fact, during the first week of this survey, the glider
crossed the western border of a small but intense anticyclonic eddy moving westward (Figure 13). This
eddy was not present anymore at the end of this survey in late November–early December, so that
satellite and in situ observations agree better.
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Figure 12. Ultra-high-resolution SST maps of the Alboran Sea and the Algerian Basin on eight
representative dates of the ABACUS 2 survey. Glider track in black. Large black dots represent glider
location on each date. ADT in meters. A different colorscale is used for October maps in order to
highlight the observed ocean surface features.

As for the salty SMOS anomaly on 5–6 December, it was completely due to an abrupt decrease
in the in situ salinities. The available SST and SSH images do not provide any clear explanation of
this observation, except the fact that, on this date, the glider met a filament of warmer sea water that
patched the area south of Mallorca during late autumn 2015 (Figure 12). This filament would have
been out of the spatial scales resolved by SMOS satellite (Figure 14).

SMOS L3 SSS values were generally fresher than in situ ones also in the latitude range 37.1–37.5◦N,
i.e., in proximity of the area of influence of the AC border (Figure 4c). As in 2014, this anomaly was
reduced but still present in L4 products (Figure 5c). The glider went through this area between 28 and
31 October 2015, and hit waypoint south on 30 October. Figure 12 highlights the presence of a colder
filament characterized by a SST of about 20◦C in this area, which was crossed by the ABACUS glider at
the latitude of approximately 37.4◦N; its presence was revealed by in situ measurements, but not by
SMOS retrievals (Figures 4c and 5c).
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Figure 13. All-sat-merged AVISO ADT maps of the Alboran Sea and the Algerian Basin on eight
representative dates of the ABACUS 2 survey. Glider track in black. Large black dots represent glider
location on each date. Geostrophic currents are represented through black arrows. ADT in meters.

Figure 5c points out also the issue of different temporal scales between satellite and in situ
observations. The ABACUS glider covered the transect section in the latitude range 37.7–38.1◦N twice
at a short temporal distance. During its way southward (24–27 October), it measured fresher SSS,
while saltier values were observed on its way back northward (15 November). Despite the short
temporal distance, salinity can differ up to 0.4. SMOS SSS retrievals over this latitude sector presented
intermediate values between the two passages; again, the general feature was well described, but local
short-time variability was not captured.

Significant SMOS fresh anomalies were also recognizable in the center of the AB during the
second half of November, when the glider carried out a sort of butterfly monitoring activity on the two
sides of the main SARAL-AltiKa groundtrack. On the eastern side, the glider reached and monitored
(9–12 November) the border of an anticyclonic eddy moving away eastwards (Figure 13); SMOS maps
seem to capture well part of the local variability as observed in situ (Figure 3d). On the western side, a
cyclonic eddy was entirely crossed by the ABACUS glider (22–30 November) up to its border region,
with another anticyclonic structure (hit on 26 November) detaching from the AC (Figure 13). Although
the general salinity pattern was captured (Figure 14), in this case, both L3 and L4 SMOS SSS largely
underestimated glider measurements (Figure 3d).
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Figure 14. SMOS L4 SSS maps of the Alboran Sea and the Algerian Basin on eight representative dates
of the ABACUS 2 survey. Glider track in black.

3.4. ABACUS 3 Surveys

During fall 2016, both L3 and L4 SMOS retrievals were slightly fresher, but in very good agreement
with in situ measurements (Figure 3e,f). This could also have been favored by the improved resolution
in glider surface acquisitions during this survey.

Nonetheless, the latitudinal comparison pointed out some fresh SMOS anomalies between 38.0
and 38.2◦N, during the glider dives along the Sentinel 3 satellite groundtrack #57 (hereafter ABACUS 3.1
cruise). The glider covered this sector twice during ABACUS 3.1, first on 11–13 November (southward
leg), and then on 21–23 November (northward leg). These fresh SMOS anomalies were smaller than
those observed in the previous campaigns, and disappeared during the following glider passages at
the same latitude (December 2016), along the Sentinel groundtrack#713.

The AVISO SSH maps in Figure 15 show that a similar circulation pattern persisted over the AB
during both the southward and the northward legs along the Sentinel groundtrack #57 (November
2016). This eastern transect was completely dominated by the presence of an intense anticyclonic
eddy that the glider went through, along its north–south axis, during both passages. This mesoscale
structure was much more intense during the southward leg; this could explain the moderate fresh
anomalies observed in SMOS SSS on 11–13 November.
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Figure 15. All-sat-merged AVISO ADT maps of the Alboran Sea and the Algerian Basin on four
representative dates of the ABACUS 3 survey. Glider track in black. Large black dots represent glider
location on each date. Geostrophic currents are represented through black arrows. ADT in meters.
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Conversely, SMOS retrievals could not capture the evident SSS decrease measured by the glider
along its western transect (hereafter ABACUS 3.2). In particular, salty SMOS anomalies, unexpectedly
accentuated in L4 products, were identified along most of its northward leg, i.e., between 6 and 12
December 2016 (Figure 3f). As for the rest of ABACUS 3.2, satellite and in situ measurements agree
very well. Figure 15 suggests that the observed differences could be due to the presence of an intense
cyclonic mesoscale structure developing in the southern sector of this transect, the western boundary
of which was crossed by the glider from 6 to 12 December 2016. On these dates, SMOS L4 SSS maps
did not capture any evident salinity decrease associated with the presence of this mesoscale structure
(Figure 16).

 
Figure 16. SMOS L4 SSS maps of the Alboran Sea and the Algerian Basin on four representative dates
of the ABACUS 3 survey. Glider track in black.

4. Conclusions

The comparison with the ABACUS in situ measurements shows that, in spite of the limitation
of the differences associated with the spatial and temporal resolutions, the analyzed BEC enhanced
SMOS SSS products provide a coherent description of the salinity patterns in the AB. This supports
the results previously reported [27], which demonstrated that the statistical filtering criteria, the
EOF decomposition, and the debiased non-Bayesian retrieval-DINEOF-fusion approach behind the
L3 and L4 products improve the salinity retrievals with respect to official SMOS Level 2 Ocean
Salinity products.

SMOS retrieved L3 and L4 SSS values were generally slightly fresher (approximately −0.11, −0.14)
than those collected in situ, which also captured more salinity variations, including those usually
associated with local variability. Larger fresh SMOS anomalies emerged in proximity of dynamic
mesoscale structures, i.e., in the area of influence of the AC and/or in presence of intense cyclonic and
anticyclonic eddies. Only a few cases showed salty SMOS anomalies, e.g., when observing an area
characterized by the presence of an intense cyclonic eddy during the ABACUS 3.2 survey.

As expected, the BEC L4 corrected products generally improved satellite retrievals, reducing
differences with in situ measurements when a fresh SMOS anomaly was observed. However, the
effective resolution of the L4 SMOS products still cannot capture all the small scale structures that in
situ data do.

These results suggest that (i) SMOS retrievals are able to describe well the large scale salinity
patterns in the AB; (ii) the existing differences are associated with neither systematic biases nor land
contamination, but depend on the actual satellite capability of resolving local variability due to intense
and rapidly evolving mesoscale dynamics.
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On one hand, although the native resolution of the satellite is about 45 km, the effective resolution
of the L3 product is driven by the correlation radii used in its generation (175, 125, and 75 km).
These radii are too large for describing parts of the mesoscale dynamics of this region. On the other
hand, the results obtained from the L4 products indicate that the simplified scheme of multifractal
fusion (scalar approach [30]) is not enough to fully describe the fast, small-scale dynamics present
in this region, and that more complex schemes are needed (such as the vector approach [30] that
was used in Reference [26] for capturing eddies in AB). Therefore, since the large scale salinity
patterns are well described, future releases of these products should now be focused on using different
interpolation/fusion schemes to improve the effective spatial and temporal resolutions of the SMOS
SSS products. Since systematic negative biases still appear in the eastern Mediterranean Sea, a better
mitigation of RFI contamination will then be required in these regions, for example by improving
the quality of the brightness temperature with methodologies [54,55] that have already been proven
to improve salinity retrieval in coastal areas [56]. Furthermore, all the ABACUS high resolution in
situ data used in this study come from three glider surveys carried out in the AB during fall season
(i.e., September to December). Additional efforts should set up BEC SMOS L3 and L4 products for
evaluation during the rest of the year. To this aim, since 2018, new research efforts have been invested
by present authors to realize additional ABACUS glider experiments in the AB during springtime (e.g.,
ABACUS 4.2 was carried out in May 2018). An analysis at the seasonal scale might also improve the
comparison in this region and extend the application of a similar approach in other Mediterranean
regions, also favoring the investigation and test of the future releases of the SMOS and the other
missions (e.g., NASA Soil Moisture Active Passive—SMAP) SSS products.
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Abstract: Surface currents in the Alboran Sea are characterized by a very fast evolution that is not
well captured by altimetric maps due to sampling limitations. On the contrary, satellite infrared
measurements provide high resolution synoptic images of the ocean at high temporal rate, allowing
to capture the evolution of the flow. The capability of Surface Quasi-Geostrophic (SQG) dynamics
to retrieve surface currents from thermal images was evaluated by comparing resulting velocities
with in situ observations provided by surface drifters. A difficulty encountered comes from the lack
of information about ocean salinity. We propose to exploit the strong relationship between salinity
and temperature to identify water masses with distinctive salinity in satellite images and use this
information to correct buoyancy. Once corrected, our results show that the SQG approach can retrieve
ocean currents slightly better to that of near-real-time currents derived from altimetry in general,
but much better in areas badly sampled by altimeters such as the area to the east of the Strait of
Gibraltar. Although this area is far from the geostrophic equilibrium, the results show that the good
sampling of infrared radiometers allows at least retrieving the direction of ocean currents in this
area. The proposed approach can be used in other areas of the ocean for which water masses with
distinctive salinity can be identified from satellite observations.

Keywords: sea surface temperature; altimetry; surface quasi-geostrophic equations; surface currents

1. Introduction

The Strait of Gibraltar is the natural connection of the Mediterranean Sea with the world ocean,
being a hot spot area in many senses. There, diverse and separated hydrodynamic phenomena
occur over a wide range of spatial and temporal scales (from the small scales and submesoscale
phenomena to inter-annual and climate variability). The complex hydrodynamic conditions influence
the rich marine ecosystem in the adjacent coastal areas, e.g., [1–3]. Furthermore, the region is of great
socioeconomic relevance as a key passage for marine trade. Almost 1/6 of global sea traffic and 1/5
of global oil traffic transits through the Mediterranean basin, still being the shortest route between
Europe and Asia [4]. Then, it is not surprising that the Strait of Gibraltar and the adjacent Alboran
Sea have been traditionally a focus area for many research and monitoring efforts since a long time
ago, e.g., [5–7]. Although the main characteristics of the prominent processes are reasonably known
and modeling efforts capture most of them, an adequate operational forecast of the hydrodynamics
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conditions in this region remains a challenging task [8]. Roughly, the water mass structure is close to a
two-layer system characterized by an upper surface layer of Atlantic waters entering into the basin
and denser Mediterranean waters outflowing below [9]. The inflow of Atlantic water and the outflow
of Mediterranean water are constrained by hydraulic control in the channel where the bottom relief,
stratification, tidal, and wind regimes determine the variability of water exchanges through the strait,
which are therefore linked to basin scale variability, e.g., [10,11].

The jet of Atlantic water forms and configures a quasi-permanent vortex or gyre in the western
part (western Alboran vortex, WAG) of the Alboran Sea, which progresses further into the second
half after Cape Tres Forcas (around 3◦W) where it forms a second gyre (eastern Alboran gyre, EAG)
and continues further to the east attached to the African coast as the Algerian current, e.g., [12,13]
(see Figure 1). This is the dominant general pattern of the surface circulation in the Alboran Sea,
particularly in summer, emerging from the analysis of time series of sea level maps and model
reanalysis [14,15] and often observed by in situ cruises, e.g., [13]. Besides, the gyres may collapse or
migrate until they are restored in the spring and early summer. These events appear to be induced by
high frequency processes (tides and atmospheric fluctuations) requiring high resolution in space and
time to be adequately analyzed and studied [8].
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Figure 1. Scheme of the surface circulation in the Alboran Sea showing the western and eastern Alboran
gyres (WAG and EAG) as well as the jet of Atlantic waters (AJ), from Sánchez-Garrido et al. [8].

Attempts to forecast the oceanographic conditions during a recent oceanographic experiment,
the MEDESS-GIB experiment [16], have shown that models reasonably reproduce the main pattern
but fail to reproduce the variability of short scales and the details of the evolution of the Atlantic
inflow around WAG, e.g., [17]. Once models have the necessary spatial resolution and are able
to reproduce the observed physical processes, as was the case of the MEDESS-GIB experiment,
a way to improve the subsequent forecast is to have initial conditions and analyzed fields as close as
possible to the truth. Furthermore, in the worst case, when and where operational systems are not
working well and depending on the involved scales, an empirical approach using only real time field
observations and assuming some kind of persistence may provide a reasonable first guess. Sea surface
temperature (SST) is quite satisfactorily retrieved in real time and with enough resolution to reach
fields at submesoscale. For the ocean velocity, altimetry offers the possibility to build maps of velocity
fields interpolating along-track information. In this case, the resolution attained can reach the ocean
mesoscale, although with limitations in terms of accuracy and reliability, e.g., [18] and real time is
not possible.

The operational estimation of ocean velocities from satellite observations remains a major problem
in satellite oceanography. At present, multiple methods to estimate ocean currents from SST have
been proposed with a wide range of performances, see [19] for a review on this subject. In this study,
we analyzed the possibility to retrieve real time high resolution fields making use of the surface
quasi-geostrophic theory (SQG) [20,21]. SQG offers the theoretical body to derive high resolution
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surface velocity fields from a single infrared SST image [21–26]. This capability is of key importance
for operational applications because it extends its usability in comparison with other techniques
such as maximum cross correlation or optical flow that need a sequence of cloud-free images [19].
Two conditions are necessary to apply the SQG framework to SST images: surface density fluctuations
have to be strong enough to capture a significant amount of the near-surface dynamics [22,27] and
SST has to be a proxy of density anomalies at the base of the mixed layer [28]. In a pioneering work,
LaCasce and Mahadevan [29] demonstrated the applicability of the SQG framework in the Alboran
Sea and showed that it was possible to retrieve the full 3D structure of ocean density and velocity
fields from SST fields. Their reconstructed fields were quite similar to those observed in a CTD cruise;
however, the work was flawed by the assumption that three-day cruises could be considered synoptic.
Consequently, they had errors in both horizontal and vertical velocities.

In the present study, we went further by validating the reliability of using a time series of ocean
velocity fields from SST covering the full area between the Strait of Gibraltar and the Alboran Sea.
In particular, we analyzed the performance of the SQG approach when applied to infrared satellite
measurements and compared to velocities derived from surface drifters. Moreover, we explored new
approaches to overcome the limitations imposed by the lack of observations of ocean salinity.

This paper is organized as follows. We first briefly present the dataset used in Section 2.
We develop in detail the methodology to derive velocity fields applying a SQG-based methodology
in Section 3. In Section 4, we present and validate the results comparing with field data from the
MEDESS-GIB experiment. We finally discuss and conclude the major outcomes.

2. Data

On the frame of the MEDESS-4MS project (EU MED Program), an intensive Lagrangian
experiment was organized in the Strait of Gibraltar to validate and test the operational systems
running in this area [16]. The experiment consisted od a quasi-synoptic deployment network of surface
drifters distributed along the Strait of Gibraltar (Figure 2). The experiment started on 9 September and
lasted around three months from September to December 2014. The drifters used in the experiment

were mostly of CODE type [30] dragged at 1.5 m from the surface and a few units of oil-spills tracking
drifters not used in this study, all set up with a sampling rate of 30 min. The dataset is available at
PANGAEA (Data Publisher for Earth and Environmental Science) repository and all the quality control
procedures and first view of the trajectories were described by Sotillo et al. [17].

Figure 2. Trajectories of surface drifters for the MEDGIB-GIB experiment. Color scale corresponds to
time with respect to 9 September 2014.

Geostrophic velocities used were derived from Near Real Time Absolute Dynamic Topography
Maps (NRT-MADT) for the Mediterranean Sea generated by AVISO altimetry and distributed by the
GlobCurrent project. Velocities were estimated from NRT-MADT using a nine-point stencil length,
as described by Arbic et al. [31]. During the period, most drifters remained in the Alboran Sea (from
9 September to 29 September, Figure 2), but only 10 images with favorable cloud coverage were
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available. These images correspond to the AVHRR instrument from NOAA 19 platform for the period
from 9 September at 03:08 GMT to 14 September at 02:12 GMT. Consequently, only the WAG could be
simultaneously sampled by infrared instruments and drifters.

The used SSS corresponds to the Mediterranean and North Atlantic SMOS SSS maps V2.0 product
from the Barcelona Expert Centre in Remote Sensing (BEC). These maps were derived from L1B
Microwave Brightness Temperatures (MBT) products measured by SMOS and provided by ESA. Then,
SMOS SSS daily L3 maps at 1/4◦ × 1/4◦ resolution were produced by means of a successive corrections
analysis applied over time periods of nine days using influence radii adapted to the Mediterranean
Sea, see [32] and reference therein.

3. Reconstruction of Velocities from Thermal Images

3.1. Theoretical Background

Under the geostrophic approximation, surface velocities �v(�x) are non-divergent and are
determined from a stream function ψ(�x)

�v(�x) = �ez ×∇ψ(�x), (1)

which is proportional to sea surface height (η(�x), SSH), i.e.

ψ(�x) =
g
f0

η(�x). (2)

Here, �ez is the vertical unit vector, �x = (x, y), f0 is the local Coriolis parameter, and g is the
gravity constant.

When there is a strong correlation between sea surface buoyancy (bs(�x), SSB) and potential
vorticity (PV), it is possible to invert the quasi-geostrophic PV equations and derive the stream-function
from SSB. For a semi-infinite ocean with constant stratification N(z) = n0 f0, the stream function at any
depth z is given by

ψ̂(�k, z) =
1

ne f0k
b̂s(�k) exp(n0kz), (3)

where ˆ stands for the Fourier transform, ne is an effective Prandtl ratio that takes into account the
stratification and the interior PV,�k = (kx, ky) is the wavevector, and k = ‖�k‖ [22]. This is the so-called
effective surface wuasi-geostrophic (eSQG) model.

Temperature and salinity are related to buoyancy through

b(�x) = − g
ρ0

[α(T(�x)− T0) + β(S(�x)− S0)] , (4)

where α < 0 is the thermal expansion coefficient, −β > 0 is the haline contraction coefficient, and T0

and S0 are reference temperature and salinity, respectively. Then, assuming that temperature and
salinity anomalies are related, Equation (4) can be approximated as

b(�x) ≈ − g
ρ0

[
α′(T(�x)− T0)

]
, (5)

with α′ being an effective thermal expansion coefficient that takes into account the partial compensation
between salinity and temperature [28]. Introducing this approximation to Equation (3), it is possible to
derive surface currents from satellite observations of sea surface temperatures (Ts(�x), SST) [28]:

ψ̂(�k, z) = − α′

ρ0ne f0k
T̂s(�k) exp(n0kz). (6)
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Notice that this approach requires settin up the energy level of these velocities because of the
presence of a free parameter α′n−1

e to take into account both interior PV and the partial compensation
of salinity and temperature [28]. Interestingly, Equation (3) can also be used to derive buoyancy from
SSH [28]

b̂(�k, z) = negkη̂(�k) exp(n0kz). (7)

Equations (2), (6), and (7) relate key dynamical fields with satellite observations of SST and SSH.

3.2. Implementation

The diagnosis of surface currents from thermal images is straightforward using the SQG approach,
if spatial resolutions below 5–10 km are not necessary. Following Isern-Fontanet and Hascoët [33],
the surface stream function (z = 0) is computed by applying Equation (6) to channel 4 brightness
temperatures (BT) instead of SST due to their lower levels of noise. Before this, data gaps in BT images
are filled using the approach of Isern-Fontanet et al. [28] and they are interpolated onto a doubly
periodic regular grid. Then, geostrophic velocities are obtained using centered finite-differences and
the free parameter α′n−1

e in Equation (6) is fixed imposing that the resulting velocity field has the same
energy level as the velocity field derived from altimetry [28], i.e.,

〈ET〉 ≡ 〈Eη〉, (8)

where ET(�x) is the kinetic energy of the velocity field derived from thermal images, Eη(�x) is the kinetic
energy of the velocity field derived from altimetry, and 〈·〉 stands for the spatial average. Notice,
however, that the velocity field derived from thermal images has a much higher spatial resolution than
the field derived from altimetry. Therefore, ET(�x) is first low-pass filtered with a cut-off wavelength
of 60 km in order to determine the constant α′n−1

e . It is worth mentioning that it is not necessary to
have simultaneous observations of BT and SSH to calibrate the velocity field. Moreover, it is possible
to use any other independent measurement of the velocities such as those obtained from HF radars,
current-meters, or drifting buoys.

Figure 3 shows two examples of the SST representative of the period under study. These images
unveil the presence of at least three different water masses: the warm waters associated to the WAG
and EAG, a very warm water filling the northeast part of the Alboran Sea as well as the nearby
Algerian basin, and a tongue of cold water newly entered from the Strait of Gibraltar that separates
the previous ones. For this period, the EAG was smaller than the average situation and the front
separating fresher waters from the saltier Mediterranean ones, usually located in the line Almeria–Oran,
was displaced allowing Mediterranean waters to penetrate the Alboran basin, see [8] and references
therein. The velocity field derived from thermal images correctly reproduce the currents associated to
the WAG and partially the currents associated to the EAG. However, it also shows an intense current
flowing from the southeast in the middle of the basin, i.e., along the limits of warm waters filling in
the northeast of the image, which is not coherent with drifter trajectories (compare Figures 2 and 3).
These waters are, very likely, saline enough to dominate density and make this water mass denser
than the waters of the Alboran vortices, rather than lighter as it would be expected from observed
temperatures alone. Several arguments support this. First, previous in situ measurements showed
that resident Mediterranean waters are saltier than the waters that form the Alboran vortices with
typical salinities S > 38 psu, e.g., [34]. Second, SSS maps derived from SMOS show the penetration of
salty waters into the Alboran basing from the east (Figure 4). Third, buoyancy derived from altimetric
maps using Equation (7) shows that this water mass, which is represented by the lined area in Figure 4,
has less buoyancy and, consequently, it has to be more saline. Consequently, velocities have the
opposite sign compared to velocities observed from drifters.
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Figure 3. Brightness temperature anomaly derived from AVHRR’s channel 4 measurements
corresponding to: 11 September at 14:12 GMT (left); and 12 September at 14:00 GMT (right).
Arrows show the velocity field derived from the images.

Figure 4. Brightness temperature anomaly derived from satellite measurements (top); sea surface
salinity derived from SMOS (middle); and surface buoyancy derived from altimetric maps (bottom)
corresponding to: 11 September at 14:12 GMT (left); and 12 September (right) at 14:00 GMT. Lined area
identifies resident Mediterranean waters obtained using the method described in Section 3.3.

3.3. Phase Correction

The first approach to compute surface currents is to assume that temperature is a good proxy of
density and, thus, the approach given by Equation (5) is valid. While this is a reasonable approach for
the Alboran vortices and surrounding waters [29], results (Section 3.2, Figure 3) show that this is not
valid for the warmer waters of the northeast. Consequently, the direct application of the eSQG model
to these images produces velocities in the wrong sense in some parts of the image during this period
of the year. Moreover, SSS from SMOS is not yet able to provide the necessary spatial resolution to
correct full resolution infrared SST data, is not available in real time, and still slightly underestimates
the dynamical range of SSS, see [26], for a more detailed discussion.
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High resolution SST can still be used to derived currents if the dynamics in the area under study
is dominated by the presence of water masses with distinctive salinity. Indeed, suppose there are M
water masses with constant salinities Sm, where m = 1, . . . , M. Then, Equation (4) becomes

b(�x) = − g
ρ0

[
α(T(�x)− T0) + β

M

∑
m=1

(Sm − S0)θm(�x)

]
, (9)

where θm(�x) is a function such that

θm(�x) =

{
0 if S(�x) �= Sm

1 if S(�x) = Sm
(10)

with the additional property that
N

∑
m=1

θm(�x) = 1. (11)

This function segments the domain into non-overlapping areas with different constant salinities.
Notice that these functions are also a function of time. If, as in the Alboran Sea, only two water masses
are present, the above buoyancy can be written as

b(�x) = − g
ρ0

[α(T(�x)− T0) + βΔS(1 − 2θmed(�x))] , (12)

where the salinity of Atlantic waters is Satl = S0 − ΔS, the salinity of the Mediterranean waters
is Smed = S0 + ΔS, and θmed(�x) gives the extension of Mediterranean waters. The major practical
difficulty is to determine the extension of Mediterranean waters, i.e to determine the function θmed(�x).
Here, we compute θmed(�x) by computing the temperature anomaly and extracting the different water
masses as the connected areas with the same sign of temperature anomaly. This idea is implemented
by decomposing thermal images applying the à trous wavelets algorithm with B3-splines [33] and then
removing the largest and the shortest scales. Finally, the wide, warm, and saltier mass located in the
northeast can be identified as the largest connected area with positive temperature anomaly (lined
area in Figure 4). Once the resident Mediterranean water mass has been identified, the effect of salinity
can be corrected. To prove the concept and avoid numerical issues associated with the sharp transition
of SSS, Equation (12) is further simplified to

b(�x) ≈ − g
ρ0

[
α′(T(�x)− T0)(1 − 2θmed(�x))

]
. (13)

This approach implies that gradients of temperature and salinity tend to be aligned but with a
change of sign in the different parts of the area under study (see Figure 2 in Isern-Fontanet et al. [24]
and discussions in Isern-Fontanet et al. [24], Isern-Fontanet et al. [26]).

The application of Equation (6) to the corrected temperature anomalies given by Equation (13)
provides more realistic results (Figure 5). Indeed, Atlantic waters now flow from west to east,
as seen in previous studies [35] and in agreement with the trajectories of the drifters released
during the MEDESS-GIB experiment (Figure 2). It is important to take into account that the transfer
function between the stream function and temperature (or buoyancy) scales as ∼k−1, which implies
certain dominance of larger scales over smaller scales. This has as a consequence that the incorrect
determination of the buoyancy sign for the Mediterranean waters can have a non-local impact.
Therefore, ocean velocities around the WAG are wrongly diagnosed if this is not taken into account.
Finally, its worth mentioning that the use of this crude approach (Equation (13)) instead of the
approximation given by Equation (12) may affect the sign of the small scales in the Mediterranean
waters. Nevertheless, we could not investigate this limitation due to the lack of data.
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Figure 5. Corrected brightness temperature anomaly corresponding to: 11 September at 14:12 GMT
(left); and 12 September (right) at 14:00 GMT. Arrows show the velocity field derived from the images.

4. Comparison between Velocity Estimations

The eSQG model, together with the phase correction approach described in Section 3.3,
were used to derive velocities from all the available thermal images (Figure 6 shows six of them).
The resulting fields exhibit more temporal variability of the WAG than the velocity derived from
SSH (Figures 6 and 7). Indeed, thermal images shows that the WAG changes its shape significantly at
temporal scales of the order of 12 h, but this variability is not observed in altimetric maps, which show
an almost stationary vortex. A second major difference in the western part of the basin is the circulation
east of the Strait of Gibraltar, the area between the strait and the vortex approximately limited by the
meridian located at 4.8◦W. There, altimetric maps show a northwards current while thermal images
generate an eastwards current, indicating entrance of Atlantic waters into the Mediterranean Sea.
The comparison between velocities derived from temperature and from sea level also show differences
in the time evolution of the EAG. While the first shows an evolving vortex, altimetry shows an almost
stationary bipolar structure. The differences between altimetric and thermal images are also evident
comparing BT and buoyancy derived from SSH (Figure 4). It is worth mentioning that, contrary to SST,
buoyancy derived from SSH tends to be more representative of the patterns below the mixed layer
rather than the ocean surface [28] and, consequently, fields may not be fully comparable. Nevertheless,
the temporal evolution of this vortex and its characteristics points to sampling limitations of the
altimetric measurements rather than the difference between density anomalies in the Mixed Layer
and below it. Finally, both fields seem to capture the separation of the west–east flow from the WAG
located around longitude 3.55◦W. The exception is for the AVHRR image of 10 September at 14:24,
which shows currents that do not agree with other satellite images or altimetric maps. The reason
for this disagreement relies on the failure of the phase correction approach for this particular image.
Indeed, the separation between the EAG and the large extension of warm waters is not good enough
to correct for their contribution to the flow on this side of the basin.

The velocity fields derived from altimetry and thermal images were compared to the in situ
measurements provided by the drifters of the MEDESS-GIB experiment. A first comparison comes from
the juxtaposition of trajectories with the instantaneous velocity fields (Figures 6 and 7), which shows
a strong tendency of drifter trajectories to move tangent to the velocity fields. There are, however,
some exceptions, particularly in the area east of the Strait of Gibraltar where some drifters have swirling
trajectories that do not agree with any of the velocity fields derived from satellite measurements.
Although the temporal length of available thermal images is not long enough to analyze the penetration
of drifters in the EAG, it is long enough to see the detachment of drifters from the WAG and their path
towards the east, which is in agreement with the velocities seen from satellites. Notice that, in this
area, swirling trajectories are also present and in disagreement with both velocity fields.
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Figure 6. Sequence of corrected brightness temperature with the associated geostrophic velocities.
Magenta dots correspond to the position of drifters within the the period of ±0.5 days around the
map date.

The velocities derived from surface drifters were compared to surface velocities derived from
satellite observations by interpolating the latter onto the position and time of drifters (see Figure 8).
Since no correction for the presence of inertial oscillations was applied, only those drifter segments that
did not show small loops were taken from the whole set of drifters depicted in Figure 2. The global
comparison between velocity components suggests a slightly better agreement between the velocities
derived from SST than those derived from SSH (Figure 9). This can be seen in the global correlations
between reconstructed velocities and drifter velocities, which are ru = 0.63 and rv = 0.74 for the
velocities derived from SST and ru = 0.48 and rv = 0.66 for the velocities derived from SSH. Since some
ageostrophic corrections modify the speed but do not modify the direction of the geostrophic current,
e.g., the cyclostrophic flow, it is interesting to compare velocity directions. Here, the correlation
between the velocity directions diagnosed from satellite and those derived from drifter trajectories are
quite similar: rθ = 0.74 for SST and rθ = 0.71 for SSH. Notice, however, that all correlations are well
below 0.9. Another difference between the two types of velocities derived from satellite observations is
their kinetic energy. Although velocities derived from SST are calibrated with altimetric data, the lack
of small scale signals in altimetric maps implies that higher resolution velocities derived from SST
have to be low-pass filtered for calibration (Equation (8)) but the resulting field has higher kinetic
energies closer to the kinetic energy of surface drifters (Figure 9).
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Figure 7. Absolute dynamic topography and associated geostrophic velocities. Magenta dots
correspond to the position of drifters within the the period of ±0.5 days around the map date.

Figure 8. Drifter trajectories for the period under analysis and velocities derived from the IR radiometer
(red) and the Radar Altimeter (blue) interpolated onto drifter position and time. The vertical line
indicates the longitude used to separate the area east of Gibraltar from the WAG. Black lines correspond
to the same trajectories shown in the upper panel.
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Figure 9. Scatter plot between the drifter velocities (ordinate) and the velocities derived from thermal
images (abscissa, left) and altimetry (abscissa, right). Green corresponds to zonal velocity, orange to
meridional velocity, and black to the velocity angle with respect to the east–west direction. Diamonds
correspond to the area east of the Strait of Gibraltar, dots to the central part of the WAG, and crosses to
the eastern area of the vortex (see Figure 8).

Figure 8 shows a relatively good agreement in the direction of currents, i.e., small angles between
velocities and drifter trajectories, in the WAG for both the velocities derived from altimetry and
velocities derived from thermal images. However, there is an important difference in the velocity
angles observed in the velocities derived from SST with respect to drifter velocities for values around
−1.5 rad (Figure 9). This discrepancy is mainly due to the velocities in the eastern edge of the WAG.
Moreover, between the Strait of Gibraltar and the WAG, altimetric velocities have angles that can be
up to 90◦ with respect to the trajectories of drifters while, velocities derived from thermal images
show significantly smaller angles. The above observations and the patterns seen in the velocity fields
(Figures 6 and 7) suggest that the agreement between satellite derived and in situ velocities may not be
homogeneous and point to define three different areas: the area east of Gibraltar (the area between
the Strait of Gibraltar and meridian located at 4.8◦W), the WAG (between the meridians located at
4.8◦W and 3.45◦W), and the bifurcation area (east of the meridian located at 3.45◦W), where part
of the flow is trapped by the WAG and part of it flows eastwards towards the EAG (see Figure 8).
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These areas were used to better quantify the agreement between in situ and satellite velocities. Taylor
diagrams confirm that the ability to reconstruct velocities is better for WAG than for any other
area (Figure 10), although velocities derived from temperature have slightly higher correlations for
the direction. In the area east of the bifurcation point, on the contrary, the performance is better
for altimetry, although correlations are quite low for the orientation of the current. The opposite
situation is found in the area east of Gibraltar, in which altimetry shows very poor performance.
Interestingly, the meridional velocity is better reconstructed than the zonal velocity for both SSH- and
SST-derived velocities.

Figure 10. Taylor diagram for zonal (orange) and meridional (green) velocity components and velocity
direction (black) for the area east of Gibraltar (cross), WAG (circle) and stagnation point (diamond): (top)
velocities derived from thermal images; and (bottom) velocities derived from altimetry. To facilitate
the comparison, standard deviations were normalized by the standard deviations of drifters given
in Table 1.
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Table 1. Standard deviation of zonal velocity (σu), meridional velocity (σv), and velocity direction (σu)
derived from the selected drifter trajectories shown in Figure 8.

Area σu [ms−1] σv [ms−1] σθ [deg]

Western vortex 0.42 0.45 32.5
east of Gibraltar 0.52 0.41 30.7
West of bifurcation point 0.21 0.26 37.8

Finally, the topology of the two velocity fields derived from satellite observations was unveiled
by using the methodology presented by Jiménez Madrid and Mancho [36], which has been already
applied on altimeter datasets over the area of the Kuroshio Current [37]. The idea was to produce a
two-dimensional field covering the region, which computes at each point the arc length of the trajectory
passing for the point. More precisely, by using synthetic trajectories obtained integrating forwards
and backwards for a determined amount of time and getting the distance travelled, the arc lengths of
the trajectory are computed for the central instant of the time series to have the maximum possible
time period to integrate, i.e., 2.5 days (see Appendix A for technical details). Figure 11 depicts the arc
length plots for both velocity fields. One can see both velocity fields are able to capture the two-vortex
patterns typical of the Alboran Sea but with significant differences. First, altimetric field is more
stable, i.e., vortex cores are clearly delimited and the flow of Atlantic water is very well defined by
large arc length values. This indicates, as already stated, that the temporal evolution of the altimetric
field is slow. On the contrary, thermal field shows the effect of rapidly evolving WAG producing a
vaguer structure but it is still possible to see the vortex core and its contour. It is worth mentioning
that the detection of EAG is challenging due to the similar temperature it has with respect to the
Mediterranean waters. It is only seen thanks to the flow of fresh waters that clearly separates both
structures. Notice the strong differences between them. Second, the thermal field is able to capture the
entrance of Atlantic waters while the altimetric field is not. Indeed, the shadowed area in Figure 11 is
due to the particles that escape from the domain; consequently, it is not possible to track their evolution
for the entire time period considered. It is worth remarking that, in the plot corresponding to the
altimetric field, there are big regions of very low arc length values (purple color in the figure), showing
the limitation of the altimetric fields when one approaches the coast in comparison to the velocities
derived from SST.

Figure 11. Arc length of the trajectory for the central time of the period analyzed for the velocity
fields derived from: thermal images (top); and altimetry (bottom). The white area west of the Strait
of Gibraltar corresponds to the point at which particles escape through the Strait of Gibraltar when
integrating backwards.

5. Discussion

The circulation in the Alboran Sea is usually dominated by the presence of two large vortices that
dominate the upper 100–300 m of the ocean [34,38]. These conditions are favorable to the exploitation
of the eSQG approximation to retrieve surface current, as shown by LaCasce and Mahadevan [29]
and confirmed by the results shown in Section 4. This opens the door to use SST to retrieve surface
currents in this area, which allows resolving both the high frequency evolution of these vortices and
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the smaller scales structures that surround them [12]. On the contrary, Altimeters have spatial and
temporal sampling limitations. Alboran vortices, however, are large enough to be properly sampled
by altimeters. Consequently, both velocities derived from infrared radiometers and velocities derived
from radar altimeters show similar capabilities when compared with the trajectories of drifting buoys.
Nevertheless, there are some relevant exceptions: the area east of Gibraltar. This area is not properly
sampled by altimeters and, therefore, velocities diagnosed in this zone are significantly different
from those observed by drifting buoys. On the contrary, velocities derived from thermal images
give velocities with directions relatively close to the observed by drifters (〈|θη − θd|〉 = 40.2◦ while
〈|θT − θd|〉 = 19.3◦). The comparison between drifters and the geostrophic velocities derived from SST
or SSH, however, has an important drawback: drifter trajectories have ageostrophic contributions not
taken into account in the derivation of surface currents from SST nor SSH. In particular, drifters are
affected by wind [39] and inertial oscillations as well as ageostrophic contributions such as the
cyclostrophic flow associated to the curvature of the Alboran vortex. Furthermore, drifter speed in the
area east of Gibraltar showed some temporal behavior that suggest a relevant contribution from tides.

Although thermal images and altimeter maps have similar performances when the flow is
dominated by structures large enough to be sampled by altimeters, both approaches have different
latencies, with that of currents derived from SST being of the order of few hours (typically less than 4 h)
(This is the time passed between satellite measurement and the delivery of surface currents derived
from them. Notice that the time needed to estimate currents from SST is of the order of the time needed
to compute the FFT). Of course, velocities have to be calibrated and independent measurements such
as the ones provided by altimeters are necessary; however, when only the energy level has to be fixed,
simultaneous data are not needed. On the contrary, it requires some time to get accurate altimetric
measurements and near-real time maps can only use past data, which further limits the capability to
resolve two-dimensional structures if not enough altimeters are available [18]. Thermal images have,
however, two main limitations. First, they can only be used under cloud-free situations, which restricts
their applicability (particularly for those methods requiring consecutive cloud free images such optical
flow and MCC). It is worth mentioning that the Mediterranean Sea is a quite favorable situation, with a
relatively large fraction of cloud-free images (∼40%). For moving clouds, gaps can be filled combining
several images. One possible approach would be to compute vorticity from SST for several images,
calibrate them, combine vorticities for a short enough period of time, and, finally, recompute the stream
function inverting the vorticity.

A second limitation, as discussed above, is the need to correct for the impact of SSS. Presently,
SSS measurements are not available in real time, although important advances have been done and
it is already possible to detect the signature of the Atlantic waters in the Algerian basin [26] and the
key patterns in the Alboran Sea with low resolutions. This implies that other approaches are needed.
Here, we explored a simple method that consists of detecting Mediterranean waters from thermal
images and modifing y buoyancy to take into account the effect of salinity. Although this approach is
very crude, it shows that it is able to correct the role of salinity and provide results similar to those
provided by altimeters. This raises a question: To what extent can the approach here proposed be used
in other areas of the ocean? As shown in Section 3.3, there are two necessary conditions: the existence
of water masses with salinities homogeneous enough to be considered constant and a way to identify
such water masses from existing satellite observations. Multiple strategies are possible to identify
water masses. In areas dominated by the presence of vortices of distinctive salinity, e.g., the Algerian
basin [26], vortex identification techniques can be used [40,41]. In areas where SST univocally identifies
water masses, temperature can be used to identify the extension of water masses. In other cases,
image processing techniques combined with oceanographic knowledge can be applied to satellite
observations of temperature or chlorophyll to segment the image. Future improvements could include
the use of new SSS products (if they are available in real time), climatological SSS, or the exploitation
of the buoyancy derived from altimetry to give a better estimation of density anomalies. However,
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these approaches require the implementation of accurate numerical methods that are beyond the scope
of this study.

6. Conclusions

This study provides further evidence that the SQG approach is able to reconstruct velocities in the
Alboran Sea. Moreover, the results show that altimetric measurements do s not capture the temporal
evolution of the WAG while infrared measurements do, which can be used to derive surface velocities
in this area, although the role of salinity can limit this approach. Nevertheless, the strong relationship
between salinity and temperature allows identifying the water masses and correct for the contribution
of salinity using image processing techniques. Once corrected, the SQG approach can retrieve ocean
currents slightly better to that of near-real-time currents in general but much better in areas badly
sampled by altimeters such as the area east of the Strait of Gibraltar. Although this area is far from
the geostrophic equilibrium, the above results show that the good sampling capabilities of infrared
radiometers allows at least retrieving the direction of ocean currents in this area. These results can be
extended to other areas of the ocean, provided that water masses with relatively homogeneous salinity
can be identified from remote sensing measurements.
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Appendix A. Arc Length Of Trajectories

In this part, we explain the technical details to obtain the figures for the arc length of trajectories.
We define the function M, which associates to each initial position �x∗ in the region the arc length of the
trajectory that passes through �x∗ at the selected time t∗ and then the trajectory is advected forward
and backward during an integration time τ. More precisely, adapting the definition from [36] to the
notation used here, we have the dynamical system

d�x
dt

= �v. (A1)

Let�j(�x∗, t∗, t) denote a trajectory of the dynamical system in Equation (A1) which at time t∗ passes
through the point �x∗. Then, for any initial condition �x∗ in an open set included in the area of study,
we define the function M(�x∗)t∗ ,τ as

M(�x∗)t∗ ,τ =
∫ t∗+τ

t∗−τ

[(
dju
dt

)2
+

(
djv
dt

)2
] 1

2

dt, (A2)

147



Remote Sens. 2020, 12, 724

where ju(�x∗, t∗, t) and jv(�x∗, t∗, t) are the zonal and meridional components of�j(�x∗, t∗, t), respectively.
M(�x∗)t∗ ,τ is a function that associates to each initial condition �x∗ the arc length of the trajectory that at
time t∗ passes through �x∗. The trajectory is computed in the time interval [t∗ − τ, t∗ + τ].

To perform the numerical integration of Equation (A1) for advecting particles, a fifth-order
Runge–Kutta was used. To prevent numerical artifacts getting the velocity values at the untabulated
points within the grid cell, we utilized bicubic interpolation in space and third-order Lagrange
polynomials in time. This choice of interpolating methods is recommended in [42] to get accurate
results at a moderate computational cost.
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Abstract: We present a method for the remote retrieval of the sea surface currents in the Mediterranean
Sea. Combining the altimeter-derived currents with sea-surface temperature information, we created
daily, gap-free high resolution maps of sea surface currents for the period 2012–2016. The quality
of the new multi-sensor currents has been assessed through comparisons to other surface-currents
estimates, as the ones obtained from drifting buoys trajectories (at the basin scale), or HF-Radar
platforms and ocean numerical model outputs in the Malta–Sicily Channel. The study yielded
that our synergetic approach can improve the present-day derivation of the surface currents in the
Mediterranean area up to 30% locally, with better performances for the the meridional component of
the motion and in the western section of the basin. The proposed reconstruction method also showed
satisfying performances in the retrieval of the ageostrophic circulation in the Sicily Channel. In this
area, assuming the High Frequency Radar-derived currents as reference, the merged multi-sensor
currents exhibited improvements with respect to the altimeter estimates and numerical model outputs,
mainly due to their enhanced spatial and temporal resolution.

Keywords: surface currents; mediterranean sea; satellite altimetry; sea surface temperature

1. Introduction

The monitoring of the oceanic surface currents is a major scientific and socio-economic challenge.
The ocean currents modulate natural and anthropogenic processes at different space and time scales,
from global climate change to local dispersal of tracers and pollutants, with relevant impacts on marine
ecosystem services and maritime activities (e.g., optimization of the ship routes, maritime safety,
coastal protection). An appropriate monitoring of the oceanic currents necessitates high frequency and
high resolution observations of the global ocean, which are achieved using satellite measurements.
Nowadays, no satellite mission provides a direct measurement of the sea surface currents and their
global-to-regional scale monitoring is mainly provided by satellite altimetry. Being based on the
observation of the sea surface height (SSH), satellite altimetry reconstructs the large-scale geostrophic
component of the surface motions at an operational level. Indeed, the altimeter-derived currents have
spatio-temporal spectral responses from the mesoscale to the basin-scale range [1], corresponding
to temporal scales from some weeks to several years. This is not sufficient for many applications,
especially in semi-enclosed basins as the Mediterranean Sea, where the most energetic variable signals
are found at relatively small scales [2,3]. In fact, the synoptic retrieval of the sea surface dynamics
in the mesoscale-to-submesoscale range, i.e., at spatial resolutions of a few kilometres and temporal
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resolution of a few days, is a crucial topic in physical oceanography. The characterization of the surface
processes at these scales has significant impacts on the human activities in the marine context [4,5]
and can also provide information on the interior dynamics, e.g., [6]. This can be obtained either by
conceiving new satellite sensors and/or by optimizing the present-day space-based observations.

For instance, the incoming NASA/CNES Surface Water and Ocean Topography Satellite (SWOT)
mission aims at retrieving the global SSH at 15 km horizontal resolution, providing improvements
for the retrieval of the surface geostrophic flow (though the temporal coverage of the global ocean
will be around 20 days) [7]. In addition, the potential observations from the sea surface KInematics
Multiscale monitoring mission (SKIM, presently in competitive feasibility phase to be the ESA-EE9)
aims at providing wide-swath measurements of the sea surface currents at 40 km horizontal resolution,
going down to a few kilometers for along-swath data, and errors even lower than 0.1 m·s−1 [8,9].

On the other hand, a number of approaches are based on the exploitation of the satellite
observations in the radio, thermal or optical band, today available at horizontal resolutions up to
1 km (or higher), e.g., [10,11]. For example, the Surface Quasi Geostrophic theory (SQG) relies on
the assumption that the surface motions are mostly driven by the sea surface density gradients.
This technique proved successful at reconstructing the surface velocity field from single sea-surface
temperature (SST) bi-dimensional images [12] and also includes the possibility of deriving the 3-D
structure of the current field from surface observations [6,13]. An SQG based approach was also
exploited combining the phase of SST and the amplitude of SSH observations, allowing to implement
one of the first applications for the global ocean currents retrieval from the synergy of SSH and SST
data [14,15]. One requirement of this approach is the condition that SST and SSH patterns are in
phase, which is mostly verified for deep Mixed Layer conditions. Moreover, the SQG is based on the
assumption that surface density gradients are mostly driven by SST. In reality, the sea-surface salinity
(SSS) can also regulate the surface dynamics by compensating the SST anomalies. In the Mediterranean
Sea this was observed in the Algerian basin by Isern-Fontanet et al. 2016 [16] and, at global scale,
this condition was reported in 0.12% of the cases based on a three years global scale statistics [14].

The radio, thermal and optical-band satellite observations can be exploited for the analysis
of consecutive cloud-free two-dimensional images, e.g., sea surface temperature (SST) and surface
Chlorophyll concentration (Chl). For instance, the images can be used to infer the surface currents
field via maximum cross correlation techniques or inverting the surface tracer dynamical evolution
equation [17–20]. However, these approaches only account for the currents horizontal advection and
diffusion, neglecting the effects of the source and sink terms for the tracer evolution. Given a surface
tracer distribution, these techniques satisfactorily retrieve the cross-gradient velocity field but the
along-gradient component cannot be directly inferred and no information can be retrieved in low tracer
gradient conditions. In the past, this limitation was overcome by assuming the existence of stochastic
forcings for the statistical derivation of unknown parameters [21]. More recently, Piterbarg 2009
(PIT09 hereinafter) [22] solved this issue via an optimal combination of the tracer information with the
one of a background velocity. The PIT09 method, whose dynamical framework considers both the
effects of advection and of the source/sink terms on the tracer evolution, was successfully applied
to an oil spill monitoring case study [23], in which the background velocities were derived from
a numerical simulation. In [23], the authors pointed out the potential of using their method with
satellite-derived tracers, as SST or Chl, as the main perspective of their results. A first confirmation
of their findings appeared recently. Indeed, Rio et al. 2016 [24] showed the potentiality of combing
altimetric and thermal-band satellite observations for improving the oceanic surface currents retrieval
(nowadays provided by satellite altimetry) at global scale. This was proved in a model study, via an
Observing System Simulation Experiment (OSSE) based on one year of currents data simulated via the
MERCATOR operational model [25]. The authors showed that, if the large-scale geostrophic currents
are combined with the information coming from the SST, the average global improvements in the
currents retrieval can reach 35% locally. The method was further successfully applied to satellite
altimetry and SST observations (Rio and Santoleri 2018 (RS18 hereinafter)) [26].
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The objective of our study is to further exploit the RS18 method to tackle a more challenging
application, i.e., we aim at merging the geostrophic currents (derived from sea surface height, SSH)
with the SST observations in the Mediterranean Sea. Indeed, the Mediterranean is characterized
by Rossby deformation radii that can go down to 10–20 km, hence, its typical mesoscale features
(O(10–100 km)) are only partially captured by classical satellite altimetry [3]. Thus, we attempt
to quantify the potential of the RS18 method in unvealing the Mediterranean Sea small scale and
ageostrohic circulation from space observations, which is not possible using the altimeter estimates
alone. In addition, the interest for improving the surface currents retrieval in the Mediterranean
has commercial and environmental implications. In fact, this region represents the main ship route
between the Indian Ocean and the main harbours of the European Union and hosts 25% of the world
oil trade, with a consequent presence of illegal oil spills of the order of 600 kt per year [27]. This makes
high-resolution surface currents a necessary information for monitoring the Mediterranean Sea and
improving the knowledge of its surface dynamics.

The aim of this paper is to describe the derivation of the merged SSH/SST currents (Optimal
currents hereinafter) and to illustrate their assessment via comparison with several in-situ and model
derived surface currents. At the same time, the capability of retrieving the small scale ageostrophic
circulation from satellite observations is demonstrated. The paper is structured as follows. In Section 2
we present the datasets involved in our study, i.e., used for the determination and the quality
assessment of the Optimal currents. Then, Section 3 details the computation of the optimal currents.
In Section 4 we will discuss the Optimal currents performances in two test-cases in the western
Mediterranean and the Sicily Channel. We go on assessing the quality of the optimal currents via
quantitative comparisons with model as well as in-situ derived surface currents and, in the final
section, we will give the main conclusions and perspectives of the study.

2. Data

The following datasets have been used to derive and assess the quality of the optimal currents:

1. The CMEMS (Copernicus Marine Environment Monitoring Service) operational delayed-time
sea surface geostrophic velocities for the Mediterranean Sea derived from satellite altimetry [28].
These are gap-free daily data with nominal 1/8◦ horizontal resolution computed by the Sea-Level
Thematic Assembly Center (TAC). The 2012–2016 time series was extracted. CMEMS data ID:
SST-MED-SST-L4-REP-OBSERVATIONS-010-021;

2. The CMEMS operational reprocessed SST for the Mediterranean Sea [29,30]. These are
gap-free daily data with nominal 1/24◦ horizontal resolution computed by the SST-TAC.
The 2012–2016 time series was extracted. CMEMS data ID: SEALEVELMED-PHY-L4-REP-
OBSERVATIONS-008-051;

3. The CMEMS global operational sea surface currents provided by the MERCATOR model
(first output at 0.49 m depth) [25]. These are daily data with nominal 1/12◦ horizontal
resolution (data available from January 2016 to present). CMEMS data ID: GLOBAL-ANALYSIS-
FORECAST-PHY-001-024;

4. The CMEMS near-surface currents given by the operational forecasting model for the
Mediterranean Sea, i.e., the Mediterranean Forecasting System (first output at 1.47 m depth) [31].
These are daily data with nominal 1/24◦ horizontal resolution. The data are available from
January 2016 to present. CMEMS data ID: MEDSEA-ANALYSIS-FORECAST-PHY-006-013;

5. The EMODNet (European Marine Observation and Data Network) surface currents in the
Malta-Sicily channel given by the operational HF-RADAR observing system (CALYPSO Project,
http://oceania.research.um.edu.mt/cms/calypsoweb/). These constitute hourly data with 1/37◦

horizontal resolution. The radar observing system is given by three antennas, two of which are
placed on the Malta and Gozo Islands and a third one is located in the southern Sicily coast
(Pozzallo) (see also Figure 12 [32]. The data are available from 2016 to present;
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6. The OGS (Istituto Nazionale di Oceanografia e di Geofisica Sperimentale) drifting buoys-derived
sea surface currents and SST in the Mediterranean Basin. These lagrangian observations have
six-hourly temporal resolution and the dataset coverage spans from 1986 to late 2016 (data
doi=10.6092/7a8499bc-c5ee-472c-b8b5-03523d1e73e9);

7. The CNR (Consiglio Nazionale delle Ricerche) Sea Forecast operational model for the
computation of the three-dimensional surface currents, temperature, salinity, SSH, heat&water
fluxes and wind stress in the Central Mediterranean (Tyrrhenian Sea and Sicily Channel).
We were kindly provided with the monthly averaged data with nominal 1/48◦ horizontal
resolution by the G3O-Operational Oceanography Group. More details available at http:
//www.seaforecast.cnr.it/forecast/index.php/en/forecast/sicily-strait-region/);

8. The CMEMS Global Blended Mean Wind Fields. These are gap-free 6-hourly global data with
1/4◦ horizontal resolution computed at CERSAT/Ifremer. The data are available from January
2015 to present [33]. CMEMS data ID: WIND-GLO-WIND-L4-NRT-OBSERVATIONS-012-004;

9. Two datasets of Sea Surface Salinity (SSS):

• The daily, 1/20◦ maps of L4 SSS obtained from the multifractal fusion applied to the L3 Soil
Moisture and Ocean Salinity (SMOS) observations. The data are distributed by the Barcelona
Expert Center (BEC) [34]. The data are available from 2011 to 2016;

• The 4-daily, 1/4◦ LOCEAN L3 SSS estimates derived from a combination of SMOS ascending
and descending orbits measurements [35] and are available from 2010 to 2017.

In the list given above, the datasets labeled with 1 and 2 will be combined according to the method
described in PIT09 to obtain the Optimal sea surface currents in the period 2012–2016. The Optimal
currents will constitute a series of daily gap-free sea surface currents for the Mediterranean basin
mapped onto a regular 1/24◦ grid (more details will be given in Section 3). On the other hand, the
datasets labeled with numbers from 3 to 9 will be used for the quality assessment of the Optimal
Currents, as we will show in Section 4.

3. Methods

3.1. Derivation of the Optimal Currents

Following PIT09 and RS18, we derive the surface circulation in the Mediterranean Sea combining
the CMEMS geostrophic velocities (GV hereinafter) and the SST fields. The Optimal reconstruction
is based on the inversion of the ocean heat conservation equation in the mixed layer. The equation,
indicated below, is inverted for inferring information on the sea surface currents:

∂SST
∂t

+ u
∂SST

∂x
+ v

∂SST
∂y

= F (1)

In Equation (1), (u,v) are respectively the zonal and meridional component of the ocean surface
flow, (x,y) are the zonal and the meridional directions and F is the forcing term, containing the
source and sink terms for the heat conservation equation. The resulting expressions for the optimally
reconstructed velocity (uopt, vopt) are the following:

uopt = ubck + u0sinφ + v0cosφ = ubck + uCOR

vopt = vbck − u0cosφ + v0sinφ = vbck + vCOR (2)

The Optimal currents are obtained adding the correction factors uCOR and vCOR to the background
(“bck”) geostrophic velocities. In practice, Equation (2) is the formal expression of the synergy between
the altimeter-derived SSH and the SST observations for the sea surface currents reconstruction. We
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provide a brief illustration of the terms appearing in the correction factors of Equation (2), referring the
reader to PIT09 for more details. The correction velocities u0 and v0 have the following expressions:

u0 =
f(min(β, q))− f(max(α,−q))
g(min(β, q))− g(max(α,−q))

v0 = pu0 (3)

In addition, φ is a function of the SST spatial derivatives, as expressed by Equation (4):

φ = atan(A/B) (4)

where A = ∂xSST, B = ∂ySST and (x,y) are the generic zonal and meridional coordinates. Moreover,
in Equation (3) the functions f, g (expressed as functions of a generic variable γ) and the coefficients p,
q, α and β are given by the set of Equation (5):

f(γ) = −2(q2−γ2)3/2/3;

g(γ) = x(q2−γ2) + q2asin(γ/q);

p = sinφcosφ(σ2
v − σ2

u)q−2;

q =
√

σ2usin2φ + σ2vcos2φ; (5)

α = (Aubck + Bvbck + E − h) /
√

A2 + B2;

β = (Aubck + Bvbck + E + h) /
√

A2 + B2;

where h is the error associated to the forcing term F; σu, σv are respectively the errors for the zonal and
meridional background velocities, and E depends on the temporal derivatives of SST, i.e., E = ∂tSST-F.
The determination of the input parameters included in Equations (1)–(5) is illustrated in
Sections 3.2 and 3.3.

3.2. The Forcing Term F and the Computation of the Associated Error h

In RS18, the forcing term F was approximated as the satellite-derived, low-pass filtered SST
temporal derivatives, only retaining spatial scales larger than 500 km. This choice is due to the
following two facts:

• The lack of long and high-resolution time series of observed forcing terms estimates;
• The forcing term F of the SST heat conservation equation includes the vertical advection,

the diffusion, the atmospheric heat fluxes and the entrainment velocity. At the first order, the main
contributors to F are the atmospheric heat fluxes. In turn, the fluxes can be estimated as the large
scales of the SST temporal derivatives, the smaller scales being related to the currents advection.
This is also consistent with the analyses described in Rio et al. 2016 [24], who analyzed one year
of MERCATOR model outputs at global scale (see, e.g., Figure 10 of Rio et al. 2016).

For the case of the Mediterranean basin, F was identified as the satellite SST temporal derivatives,
∂tSST, low-pass filtered at 400 km. This was achieved filtering the ∂tSST at several spatial scales and
choosing the one that minimized the in-situ forcing estimates obtained with the OGS drifter-derived
observations.

Using 	 30 years of drifting buoys-derived SST in the Mediterranean basin (data doi =
10.6092/7a8499bc-c5ee-472c-b8b5-03523d1e73e9), we computed an in-situ derived forcing term (Fdri),
whose formal expression is given by Equation (6).

dtSSTins =
∂SSTins

∂t
+ u

∂SSTins

∂x
+ v

∂SSTins

∂y
+ w

∂SSTins

∂z
= Fins (6)
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where the subscripts “ins” and “t” respectively stand for in-situ measured and derivative with respect
to time.

For every drogued buoy trajectory, we evaluated the in-situ daily dtsst as

dtSSTins = [SSTins(t + dT/2)− SSTins(t − dT/2)]/dT

where dT = 1 day. Moreover, taking advantage of the 1986 to 2017 satellite-derived SST (dataset labeled
with “2” in Section 2) we could compute the daily remotely sensed ∂tSSTsat, including the filtered maps
at scales ranging from 50 to 600 km. This operation enabled to derive the quantity L-∂tSSTsat, with L ∈
[50 km , 600 km]. Afterwards, each of the filtered L-∂tSSTsat was spatially and temporally colocated
with respect to the drifters estimates, i.e., our benchmark. This allowed to generate two-dimensional
maps of Root Mean Square Errors (RMSE) between the satellite and the in-situ-derived SST temporal
derivatives. In the end, computing the mean, basin-scale RMSE between each of the L-∂tSSTsat and the
dtSSTdri, we found that for L = 400 km such RMSE reached a minimum (Figure 1) letting us identify
it as the optimal filtering scale. In addition, we assumed that the RMSE error map between the 400
km-DtSSTsat and the ∂tSSTdri is an estimate of the forcing term error h appearing in Equation (2). A
map of h, binned in 1◦ × 1◦ boxes, is given in Figure 2.

Figure 1. RMSE between the satellite and the in-situ derived forcing term as a function of the DtSSTsat

filtering scale.
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Figure 2. RMSE between F and Fdri, binned on 1◦ × 1◦ boxes.

The order of magnitude of the RMSE is 10−6 ◦C·s−1 over most of the Mediterranean Sea and its
spatial variability is mostly correlated with the major dynamical features in the Mediterranean Sea
(e.g., the Algerian current, the Liguro-Provenzal, the Atlantic Ionian Stream and Western Adriatic
current) where the values can also exceed 1.5 ◦C·s−1.

3.3. The Uncertainties on the Geostrophic Velocities (σu, σv)

Another input parameter for the reconstruction method is the error on both the components
of the surface geostrophic currents, previously defined as σu and σv for the zonal and meridional
components of the current, respectively. This was estimated in a similar manner as for the forcing
term, via comparison with the in-situ derived surface currents in the Mediterranean basin (data doi =
10.6092/7a8499bc-c5ee-472c-b8b5-03523d1e73e9). Using 24 years of altimeter-derived GV (introduced
in Section 2) we could colocate the GV along the buoys trajectories and generate two-dimensional
maps of the RMSE between the satellite and the in-situ measured currents. This was achieved selecting
all the buoys evolving in presence of their drogue and binning the RMSE values in 1◦ × 1◦ boxes,
as illustrated in Figure 3.

The basin-scale mean error on the geostrophic velocities is of the order of 10 cm·s−1 for both the
components of the motion and it is slightly larger for the meridional component than for the zonal
component of the motion (10.5 cm·s−1 versus 9.6 cm·s−1, respectively). The maximum RMSE values
can exceed 20 cm·s−1 in correspondence of the Alboran gyres for both the surface flow components
and their spatial variability is also correlated with the mean positions of the major currents in the
basin. Indeed, the largest RMSE values (≥15 cm·s−1) are found in correspondence of the Algerian,
Liguro-Provenzal, Libyo-Egyptian and Cilician currents as well as the Atlantic Ionian Stream [3].
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Figure 3. RMSE between the altimeter and the drifter-derived surface currents, binned on 1◦ × 1◦ boxes.

4. Results

Relying on the CMEMS altimeter-derived GV, SST and on the error fields described in the
previous section, we implemented the RS18 method to generate five years of Optimal currents in the
Mediterranean Sea (from 2012 to 2016), a time window compatible with all the datasets used in the
study. Such currents have spatial temporal resolution of 1/24◦ and 1 day, respectively. In the following
sections we discuss the Optimal currents performances with respect to the geostrophic estimates,
mainly via validation against in-situ or model-derived data.

4.1. Case Study 1: Vortex Dynamics

Here we give a first example of the Optimal Currents capabilities in presence of an oceanic
vortex (generally referred to as eddy in the oceanographic community). An anticyclonic eddy located
halfway between the Balearic Islands and Sardinia is detected on 25 April 2016 and is recognisable
by a ring-shaped SST anomaly centered at approximately 39◦45′N and 5◦50′E and is associated to a
clockwise circulation (Figure 4).
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Figure 4. Top: Comparison between the Optimal currents (red arrows) and the GV (black arrows) in
presence of anticyclonic circulation in the Western Mediterranean (25th of April 2016). The surface
currents fields are superimposed to the SST (in colours, ◦C); the white ellipse is referenced in Section 4.1.
Bottom left: Soil moisture and ocean salinity (SMOS)-derived sea-surface salinity (SSS) salinity anomaly
from Barcelona Expert Center (25th of April 2016). The black closed contour is the 15.9 ◦C level
indicating the position of the vortex. Bottom right: Same as bottom left, using the LOCEAN L3 SMOS
SSS data, on the 26th of April 2016 .

Cold SST anomalies in presence of surface-intensified anticyclones have already been reported
in literature [36,37]. In the Mediterranean sea, they can result from SSS compensation mechanisms,
as also described in [16]. Using the Barcelona Expert Center SMOS L4 SSS for the Mediterranean Sea
as well as the LOCEAN L3 SSS estimates (the latter being available on 26 April 2016), we found that
the eddy lies in a negative salinity anomaly area. This is confirmed by the lower panels of Figure 4.
Here, the eddy is highlighted by the 15.9 ◦C closed contour and the SSS anomaly is evaluated as the
SSS in the core of the eddy minus the SSS at the eddy periphery.

Thus, the salinity compensation mechanism is probably the cause of the observed oceanographic
structure. However, the detailed investigation of the eddy formation and characteristics is outside the
scope of this study. Here, we want to assess the capability of using the SST information to improve
the altimeter-derived currents. In the western boundary of the vortex, the GV do not resolve such a
dynamical feature, indicating a circulation which crosses the north western section of the eddy with a
northeastward flow direction. This effect is a result of the mapping procedure statistics in order to
obtain two dimensional maps from along-track altimeter data. On the other hand, if we consider the
dynamical evolution of the SST, i.e., we account for the SST spatial-temporal gradients, the Optimal
reconstruction method prescribes a correction factor that deviates the flow from the altimeter estimate,
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resulting in a more accurate description of the eddy circulation. This is particularly evident in the area
highlighted by the white ellipse in the left panel of Figure 4.

This case study shows one of the main advantages of RS18, i.e., merging a background currents
field with a higher resolution SST map. Other approaches, as SQG, rely on SST images to infer the
surface flow. Nevertheless, when salinity anomalies contribute significantly to the sea surface density
gradients, such approach may well lead to a current estimate which is in an opposite direction with
respect to the actual one, as also found by Isern-Fontanet et al. 2016 [16]. Instead, using the RS18
method this ambiguity is overcome.

4.2. Case Study 2: Coastal Upwelling in the Sicily Channel

The Sicily Channel area, whose approximate coordinates are 11◦E to 13◦E and 36◦N to 38◦N
constitutes an interesting testbed for the performances of the Optimal Currents. In this region,
in proximity of the southern coast of Sicily, coastal upwelling is a very frequent phenomenon
and is known to generate cold SST patches associated with an offshore directed current [38,39].
In particular Piccioni et al. 1988 [39], using a statistical approach, found that such events are mostly
detectable during summer and that they mostly develop with a delay of three days with respect to the
southeasterly wind input (i.e., with a non-zero alongshore component with respect to the southern
coast of Sicily).

We show an example of coastal upwelling detected on 23 July 2016. The result of its dynamics is
clearly visible from the SST spatial distribution and is consistent with the CERSAT/IFREMER averaged
surface winds during the three previous days (20–22 July 2016) (Figure 5).

Figure 5. Left panel: Geostrophic Velocities (black arrows, 1/8◦ horizontal resolution) and Optimal
Velocities (red arrows, 1/24◦ horizontal resolution) over sea-surface temperature (SST) in ◦C—23 July
2016 (the white boxes are referenced in Section 4.2). Right panel: CERSAT/IFREMER 6 hourly averaged
surface winds—20–22 July 2016).

The SST anomaly between the interior of the upwelled waters and the surrounding areas exceeded
4 ◦C and the shape of the patch (in agreement with the mechanism described in [39]) indicates an
offshore current, perpendicular to the southern coast of Sicily (between 12◦20’E and 13◦E). The offshore
circulation was not entirely captured by the GV (Figure 5). Indeed, at the positions 12◦40′E–37◦30′N and
12◦20′E–37◦15′N, highlighted by the white boxes, the GV exhibit a cross thermal gradient component
which is not consistent with the wind-driven circulation. A cross-thermal gradient geostrophic
circulation is also found in correspondence of the lower tip of the cold SST patch. This effect is reduced
when the Optimal reconstruction is implemented. The qualitative validation between the GV and the
Optimal currents patterns allows to conclude that, enriching the GV with the information contained in
the spatial and temporal variability of SST, it is possible to retrieve the ageostrophic circulation (as it is
the case for the wind-driven upwelling dynamics) starting from the geostrophic, altimeter-derived
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currents. In order to further confirm this, we computed the divergence of the surface currents field.
The divergence is defined as ∂xu + ∂yv (with u and v the generic zonal and meridional components of
the motion, respectively). When applied to a geostrophic field, the divergence operator yields zero
in the whole surface currents domain, while it can be O(10−5 s−1) for a total surface current field,
i.e., considering both the geostrophic and the ageostrophic components of the motion [40]. Indeed,
choosing the same region of Figure 5, we compared the divergences obtained using the Optimal
currents, the model-derived surface currents of the MFS operational model and the MERCATOR global
operational model (Figure 6). In addition, a comparative analysis with the monthly outputs of the
CNR-Sea Forecast operational model will be given. Such divergences were all computed using a
9-point stencil width technique, as in [41].

The GV, though not exhibiting divergence values strictly equal to zero (mostly due to the numerical
scheme of the computation), were mostly O(10−8 s−1) everywhere in the analyzed area, (as well as
in the rest of the Mediterranean Basin (not shown). Thus, we assumed this order of magnitude to
be the lower limit for the surface currents field divergence, that can be referred to as geostrophy.
On the other hand, the upper limit for the divergence values is identified with the results given
by the MFS operational model. In this case, the divergence could reach the value of ±1 × 10−5s−1

(bottom panel of Figure 6). Quite interestingly, the Optimal currents exhibit divergence values at least
two orders of magnitude larger than the GV, up to ±8 × 10−6s−1, hence comparable with the ones of
a total surface current. The current field of the MERCATOR operational model also exhibits values
O(10−6 s−1), though its maxima only reached the 70% of the values observed in both the Optimal
and the MFS-model case. Moreover, using the monthly averages of the submesoscale-permitting
(resolution 	 2 km) operational model for the Sicily Channel and Tyrrhenian Sea (dataset labeled
with “7” in Section 2), we had further confirmations that the expected value of the surface currents
divergence during July 2016 must be O(10−5 s−1), as also shown in Figure 7.

In addition, if we compare the spatial distribution of the divergences (DIV hereinafter) of the
Optimal, MFS and MERCATOR surface currents (for 23 July 2016), the following similarities can
be found:

1. The presence of an overall flow divergence area (DIV > 0) off the western cape of Sicily, around
the Egadi Islands, highlighted in light green in Figure 6, with some convergence areas intrusions
found in both the MFS and the Optimal Currents estimates;

2. The alternating flow convergence (DIV < 0) and divergence (DIV > 0) patterns inside the cold SST
filament extending almost vertically from 37◦36′N–12◦20′E to 37◦00′N–12◦20′E. Such adjacent
patterns are mostly found around 37◦06′N and are highlighted in black in Figure 6. They are
common to all the current fields, though looking smoother in the MERCATOR estimates.

The most interesting result of this comparison is that the combination of the geostrophic current
and the SST data is a promising technique for the retrieval of the total surface current field from an
initial geostrophic estimate, i.e., the one provided by satellite altimetry. Indeed, the Optimal current
divergence is of the same order of magnitude predicted by high-resolution numerical models and
observations, also sharing common features in the spatial patterns given by the MERCATOR and
MFS-model estimates (though in the numerical model outputs the structures are slightly smoothed
compared to the Optimal case).
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Figure 6. Divergence of the surface currents field in the Sicily Channel (23 July 2016). Top panel:
Optimal currents; middle panel: MFS operational model for the Sicily Channel; bottom panel:
MERCATOR operational model. Black contours indicate sea surface temperature, in ◦C. The light green
and dark green circles are referenced in Section 4.2.
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Figure 7. Divergence of the surface currents field in the Sicily Channel (July 2016 monthly average).
Prediction of the CNR-Sea Forecast submesoscale-permitting operational model for the Sicily Channel
and the Tyrrhenian Sea.

In the following sections we will describe the quantitative validation of the Optimal currents via
two approaches: a first one in which the comparison will be performed with respect to the in-situ
drifting buoys measurements in the Mediterranean Sea and a second in which the Optimal currents
will be compared to the estimate of the High-Frequency Radar (HFR hereinafter) surface currents in
the Malta–Sicily channel.

4.3. Validation with the In-Situ Measured Currents

In the period 2012 to 2016, the in-situ sea surface currents have been deduced from the
trajectories of 104 15m-drogued drifting buoys at the positions indicated in Figure 8 (data doi =
10.6092/7a8499bc-c5ee-472c-b8b5-03523d1e73e9, [42]).

Figure 8. Positions of the sea surface currents measurements given by the surface drifting buoys in the
Mediterranean Area during the period 2012–2016 [42].

The buoys have been mostly occupying the Western, the Central Mediterranean Sea, the Adriatic
Sea and the area around the Island of Cyprus (eastern Mediterranean), measuring the sea surface
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currents with 6-hourly temporal resolution. Selecting the totality of the buoys trajectories, we compared
the performances of the GV and the Optimal currents against the in-situ-derived measurements.
This was achieved creating two match-up databases for the GV and the Optimal currents, which are
both gridded fields. The match-up database was generated using cubic interpolation for the spatial
colocalization of the gridded currents over the buoys positions while a linear interpolation was used
to create the 6-hourly GV and Optimal currents (which are originally daily data) and finally perform
the colocalization in time.

Similarly to RS18, the validation is based on the computation of the RMSE, correlation coefficients
(CC) and biases between the GV, the Optimal currents and the drifter-derived currents, the latter being
our benchmark. The computation of the biases did not evidence significant differences between the GV
and the Optimal currents. For both datasets, the basin scale bias of the zonal and meridional component
of the motion is around −0.3 cm/s and 0.4 cm/s, respectively. Concerning the RMS, the Optimal
currents always exhibited lower values than the ones obtained with the GV, with larger RMSE reduction
for the meridional component of the motion. Moreover, we found that the difference between the
GV and the Optimal currents RMSE increases with the increasing magnitude of the SST spatial
gradients (A,B in Equation (4)), indicating that our reconstruction method gives the best performances
in large SST gradient areas. This was found selecting all the GV and Optimal current values laying
in areas of progressively increasing |∇SST|, with |∇SST|=

√
A2 + B2 comprised between 0.1 and

6×10−5 ◦C·m−1 (such interval represents more than 90% of the |∇SST| values in the basin). Based
on the RMSE computation, we also defined a parameter to estimate the percentage of improvement of
our reconstruction method with respect to the GV estimates. The parameter is defined as follows:

IMPROVE(U,V) = 100 ×

⎡
⎢⎣1 −

⎛
⎝RMSEOptimal

(U,V)

RMSEGV
(U,V)

⎞
⎠

2
⎤
⎥⎦ (7)

where U,V respectively indicate the zonal and the meridional component of the sea surface currents.
In general, our reconstruction is more satisfying for the meridional component of the motion

and, at the basin scale, yields improvements that can exceed 10% (while they are only about 5%
for the zonal component of the motion). Such improvements increase almost monotonically with
the magnitude of the |∇SST| except for the zonal currents, where a linear increasing trend is only
observed until 5 × 10−5 ◦C·m−1. In a similar fashion, the Optimal currents show correlations with
the in-situ measured currents generally higher than the GV, with a correlation improvement which is
larger for increasing |∇SST| values. Such results, schematically summarized in Figure 9, indicate
that the Optimal currents better represent the sea surface currents variability observed via the in-situ
measurements, confirming the potentiality of bringing the spatio-temporal variability of the SST
remote observations inside the large-scale geostrophic currents.

During 2012–2016 we also investigated the local variability of the Optimal reconstruction method.
This has been done binning the values obtained using Equation (7) in 2◦× 2◦ boxes (Figure 10 upper
panels). The available drifter-derived currents allowed to perform the analysis in the sites of validation
(SOV) indicated by the black squares in Figure 10 (bottom panel). In general, the best performances
are found in the Central and Western Mediterranean, where local improvements can also reach 30%.
The results of the validation, both at the basin scale and in terms of local variability, are in agreement
with the results found at global scale by RS18. Also, we found that in the Western Mediterranean,
the summertime reconstruction can lead to improvements exceeding 40%, which was not found
during winter (not shown). Considering our investigation area, the zonal component of the surface
currents is improved over 60% of the domain, while this percentage raises up to 70% for the meridional
component of the motion. Combining these results, we could also indicate all the SOV where the
method can improve both of the surface flow components, schematically given in the bottom panel of
Figure 10. As expected, such SOV are mostly located in the Western Mediterranean. Unfortunately,
some of the sites of the Optimal currents validation, though never exceeding the 40% of the analyzed
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domain, indicate that the method can also degrade the quality of the surface currents, when compared
to the geostrophic estimates. These sites are mostly located in the eastern section of the Mediterranean
basin. Quite interestingly, they are characterized by two properties: either they lay in areas of low
|∇SST| (	0.1 × 10−5 ◦C ·m−1), which is not the ideal condition for the method applicability, or their
statistical properties are computed based on a poor number of observations, affecting their statistical
significance. This can be checked comparing the maps of |∇SST| and numbers of available in-situ
observations binned in 1◦× 1◦ boxes in Figure 11. In a future study we plan to compute such statistics
on a longer time series of optimal currents (	20 years) and check the effects on the local variability of
the optimal reconstruction method performances.

Figure 9. Basin scale improvements of the Optimal reconstruction method expressed via root mean
square error (RMSE), Correlation Coefficients (Corr) and percentage of improvement (% IMPROVE)
in the period 2012–2016. The Root mean square errors and correlation coefficients are computed for
both the Optimal currents (blue lines) and the geostrophic velocities (GV) (red lines) using the drifting
buoys-derived surface currents as a benchmark. The results are presented for both the zonal (U) and
the meridional component (V) of the surface motion, respectively shown in the left and right column of
the figure.
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Figure 10. Spatial variability of the percentage of improvement of the Optimal reconstruction method
for the zonal (U) and meridional component (V) of the surface motion, respectively shown in the top
and middle panel of the figure. The percentage of improvement, binned in 2◦× 2◦ boxes has been
computed in the sites of validation (SOV) given by the black squares in the bottom panel. The crosses
indicate the SOV where both the zonal and meridional components of the motion are improved.

Nevertheless, it is worth noticing that the validation against the in-situ observations confirmed
the validity of the case study analyzed in Section 4.2. Indeed, in the coastal area of the Sicily Channel
(close to the southern coast of Sicily), during the period 2012–2016, our surface-currents reconstruction
method yielded positive improvements for both the components of the motion. Hence, we wanted to
further investigate the quality of the Optimal currents via a comparison with the HFR-derived surface
currents in the Malta–Sicily Channel. The results are presented in Section 4.4.
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Figure 11. Top panel: |∇SST| binned in 1◦× 1◦ boxes, computed along the positions occupied by
the drifting buoys during the period 2012–2016. Bottom panel: Number of in-situ surface-currents
observations laying in each of the 1◦× 1◦ boxes.

4.4. Comparative Analysis: Optimal Currents Validation in the Malta–Sicily Channel

In this section we present an additional quality assessment for the Optimal currents via
comparison with the daily surface currents derived from the Calypso High Frequency Radar platform
in the Malta–Sicily Channel (during the year 2016), our benchmark. The coverage of the Calypso
platform, schematically shown in Figure 12, extends from 35.7◦N to 36.8◦N and from 13.7◦E to 15.2◦E.
As stated in Section 2, such platform provides hourly observations at 1/37◦ horizontal resolution,
hence, our validation was realized creating daily maps of HFR currents. For each day, we computed
bias and root mean square errors of the differences between the GV, the Optimal, the MERCATOR,
the MFS-derived currents and the HFR estimates. Unfortunately, no comparison with the drifting
buoys-derived currents was performed as, during the year 2016, the buoys have been circulating in the
westernmost and easternmost sections of the Mediterranean basin only (Figure 10).
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Figure 12. The Calypso High Frequency (HF) Radar platform: Schematics (after the Calypso Project
web portal).

Unlike the case of the drifting buoys, the comparison with the High-Frequency Radar (HFR)
currents involves two-dimensional gridded data. In order to carry out the comparison, all the analyzed
daily currents were remapped over the HFR grid via bi-cubic interpolation. The mean results of the
comparative study are summarized in Tables 1 and 2.

Table 1. BIAS and Root Mean Square Error (RMSE) between the Optimal-GV-MERCATOR-MFS and
the High-Frequency Radar (HFR) surface currents in the Malta–Sicily Channel. Zonal Component.

ZONAL RMSE (cm/s) BIAS (cm/s)

OPTIMAL 9.72 4.04

GV 11.23 5.11

MERCATOR 12.50 4.30

MFS 12.70 2.60

Table 2. BIAS and Root Mean Square Error (RMSE) between the Optimal-GV-MERCATOR-MFS and
the HFRsurface currents in the Malta-Sicily Channel. Meridional Component.

MERIDIONAL RMSE (cm/s) BIAS (cm/s)

OPTIMAL 9.00 1.40

GV 9.12 1.30

MERCATOR 12.65 3.60

MFS 13.23 3.19

Focusing on both the Optimal and the GV, using the HFR estimates as benchmark, the current
retrieval is more satisfying for the meridional component of the motion, exhibiting lower RMSE and
BIAS (respectively 	9.00 and 	1 cm·s−1) compared to the zonal one, where RMSE and BIAS are
respectively 	10.00 and 	4 to 5 cm·s−1. Moreover, if we observe the behaviour of the Optimal currents
with respect to the other datasets, we find that the RS18 method brings larger improvements on the
retrieval of the zonal component of the motion. Indeed, for such component the Optimal currents have
the lowest RMSE of all, 9.72 cm·s−1 (the MFS model yielding the larger value, 12.70 cm·s−1) and a
lower BIAS (4.04 cm·s−1) than the GV and the MERCATOR estimates. The only exception is given by
the BIAS of the MFS model, whose value is 	3 cm·s−1.

For the meridional component of the motion, the Optimal currents have RMSE and BIAS in line
with the GV and always lower than the numerical model estimates. These results may look surprising.
Indeed, at the basin scale the RS18 method brought the largest improvements for the meridional
component of the motion. Nevertheless, here we are restricting our analysis to a much smaller coastal
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area in which our reference, the HFR currents, are known to be more accurate in retrieving the zonal
component of the motion [43], probably affecting the statistics on the meridional flow.

Considering these results, we can conclude that the Optimal currents perform globally better than
altimeter-derived estimates or model outputs.

5. Discussion and Conclusions

During the last decades, both physical and operational oceanography have been demanding
high spatial and temporal resolution observations. Such observations are useful for the validation,
optimization and run of the main operational models, especially when data assimilation is required.
In the specific case of the sea surface currents retrieval, the high-resolution and repetitive observations
are also necessary for several human activities in the marine context (navigation, safety and rescue
activities) and for the environmental safeguard (illegal oil spills and pollutants monitoring).

The objective of our study was to improve the spatial and temporal resolution of the remotely
sensed, altimeter-derived surface currents in the Mediterranean Sea. Based on the RS18 method,
we could successfully introduce the information contained in a high-resolution satellite-derived SST
(Δt = 1 day and Δx = 1/24◦) inside the larger scale altimeter geostrophic currents. The RS18 method
has the main advantage to optimize the use of SST to derive information on the surface currents
field. This is achieved accounting for the source and sink terms in the SST evolution equation,
unlike in maximum cross correlation techniques where only advection and diffusion can be considered.
An additional advantage of the RS18 method is the possibility to rely on a background surface currents
estimate, i.e., the altimeter measurements. This enables to derive the surface circulation even in areas
of low tracer gradients or when the tracer alone is not a direct proxy of the ocean surface dynamics [16].
We applied the RS18 reconstruction method to the CMEMS datasets of geostrophic surface currents
and sea surface temperature satellite data for the Mediterranean area. This enabled to estimate an
Optimized velocity during five years.

The highlights of our study are listed here:

• During the period 2012–2016, we computed daily gap-free maps of Optimal currents. Using the
OGS in-situ measured surface currents as a benchmark, we compared the performances of the
Optimal currents and the altimeter-derived estimates. We found that the Optimal reconstruction
method yields the largest improvements (locally up to 30%) in the western section of the
Mediterranean basin and for the meridional component of the motion. Such improvements
generally increase with the increasing SST spatial gradients and proved to be slightly higher
during summertime. This is mostly due to the larger spatial SST gradients that can occur during
summer, especially in areas of upwelling. This effect is particularly enhanced in the Western
Mediterranean and in the Sicily Channel area, where you have very active upwelling regions
(not shown);

• The Optimal reconstruction method is able to retrieve both the small scale geostrophic and
ageostrophic circulation, obtaining a surface field characterized by a non-zero divergence.
This was shown for the Sicily Channel. In this area, during summertime, it is frequent to
observe patterns of ageostrophic circulation. Indeed, computing the Optimal currents during a
coastal upwelling event (on 23 July 2016), we found that the surface divergence of the Optimal
currents is comparable with the predictions of the CMEMS operational models, providing an
estimate of the total (i.e., with non-zero divergence) surface-current field. The values of the
Optimal currents divergence also proved to be in line with the monthly values predicted by the
submesoscale-permitting CNR-Sea Forecast operational model for the Sicily Channel;

• The Optimal reconstruction, unlike the SQG method, allowed to overcome the ambiguity in
retrieving the surface circulation when SST is not a direct proxy of the surface circulation. In this
study, this was proved for a specific eddy dynamics case study in the Western Mediterranean area.

• In the Malta-Sicily channel, using the HFR surface currents as our benchmark, the Optimal
currents improved the mean RMSE and BIAS compared to the numerical model outputs and to
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the satellite-derived currents (except for the bias in the retrieval of the zonal flow, where the MFS
model exhibited the best performance).

The main results listed here express the capability of the RS18 method to increase the
spatio-temporal variability of the altimeter-derived currents even in the Mediterranean Area. Provided
the existence of non-zero sea surface temperature spatial gradients, the variability of the high-resolution
SST data can be successfully introduced inside the large-scale geostrophic currents estimates.
The increase in the spatio-temporal variability explains the satisfying comparison of the Optimal
currents with both the in-situ measured currents and the HFR estimates. Moreover, this was confirmed
by the spectral analysis shown in Figure 13. In particular, we computed the mean spatial Kinetic
Energy (KE) spectrum of the Optimal, MFS and altimeter-derived surface currents (GV) as a function
of the spatial wavenumber (here given as the inverse of the wavelenght.) This was done in a
land-free and dynamically active area of the Western Mediterranean (37.5◦N to 38.0◦N and from
0◦E to 11◦E), delimited by the yellow box in Figure 13. Moreover, we performed this analysis done
during summertime (on 23 July 2016) i.e., choosing all the favourable conditions for the Optimal
reconstruction method. Looking at the behaviour of the KE power spectral density, we can see that
the Optimal currents and GV power spectra are superimposed until a scale of 100 km. Afterwards
the GV begin loosing energy and their spectrum falls abruptly. Such a result was expected and is
intrinsic with the geostrophic large-scale estimate of the surface currents, whose spectral content
is mostly in the mesoscale range. On the other hand, for scales smaller than 100 km, the Optimal
Currents spectrum contains more energy than the GV one and maintains the same decreasing trend
until a scale of 30 km, confirming that the resolution of the Optimal currents is actually increased with
respect to altimetry (notice that in the figure we discarded the areas in which the spectra exhibit a
noisy behaviour). Moreover, the Optimal Currents spectrum is in agreement with the predictions of
the MFS model, that, based on a fully three-dimensional primitive equations framework, simulates the
evolution of the total currents field. Quite interestingly, Figure 13 also confirms that the Optimal and
MFS spectra are closer to the predictions of the two dimensional turbulence energy cascade, K−5/3 and
K−3 [44]. Though the K−3 slope is not fully recovered at small scales, the Optimal Currents spectral
separation from the K−3 line is reduced compared to the altimeter estimates.

In the end, we computed the GV and Optimal Currents KE temporal spectra in the Western
Mediterranean (from 6◦W to 8◦E), where the optimal reconstruction exhibited the largest improvements
(Figure 14). This was done on a time window of 45 days, which is the maximum temporal correlation
scale for building the L4 altimeter-derived currents from the altimetric ground-tracks [28]. In particular,
the computation was performed during wintertime (Julian day 1 to 45 of the year 2016), when the
basin scale averaged KE was found to be larger. Figure 14 shows the Optimal and GV currents KE
temporal spectra given as a function of the temporal wavenumber (here given as the inverse of the
wavelength). The Optimal currents spectrum is initially superimposed to the GV one until a timescale
of about twenty days. Afterwards, due to a power spectral density drop in the geostrophic velocities,
the two spectra separate, indicating that the Optimal currents contain more energy up to scales of one
week, when the GV spectrum starts exhibiting a noisy behaviour. This analysis confirms the Optimal
Currents enhanced temporal variability.

This work could certainly benefit from the following additional analyses. At first, we plan to
extend the Optimal currents validation to the years ranging from 1993 to 2016. This would help
increasing the statistical significance of the comparisons with the drifting buoys in all the areas of
the basin. In addition, using a 	20 years long time series, would allow to statistically determine the
different contributors to the improved currents retrieval. Indeed, the improvements may come from
both a better description of the non geostrophic flow and more accurate retrieval of the eddy dynamics,
which were here discussed as single case studies.
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Figure 13. Optimal (blue line), altimeter-derived (red line) and MFS (light blue line) kinetic energy
spatial spectra. The mean spectra are computed in the area delimited by the yellow box (top panel). The
black continuous and dashed lines represent the surface and internal predictions of the QG turbulence,
respectively. The spectra are computed on the date of 23 July 2016 and are represented as a function of
the spatial wavenumber.

Figure 14. Temporal spectral content of the Optimal currents (blue) and GV (red) kinetic energy
(west Mediterranean).
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New ways of estimating the forcing term in the SST evolution equation should also be exploited.
In the present study, the forcing was approximated by a low pass filtered SST temporal derivative
but, in principle, heat fluxes estimates given by model-derived reanalyses, e.g., the ECMWF ERA-5,
or estimated using bulk formulae could be tested [45,46]. In addition, the possibility to refine the
temporal resolution of the method input parameters (e.g., σu,v and h), presently given by climatological
two-dimensional maps, could further improve the reconstruction method capabilities. At present,
the definition of σu,v and h is one of the more critical and crucial points of the RS18 method, being
strictly dependent on the availability of high quality in-situ measurements of SST and surface currents
(as shown in Section 3).

In addition, this study could further benefit from the exploitation of the gap-free SST obtained by
geostationary satellites (e.g., METEOSAT [47]). Such an approach could lead to the determination of
the sub-daily currents variability, up to the hourly resolution.

In the end, this method could be further applied on other types of satellite derived tracers.
For instance, the ocean colour products are available at horizontal resolutions even higher than
1 km, e.g., the observations from the OLCI sensor mounted on board Sentinel-3 or from the MSI
sensor mounted on Sentinel-2 and acquiring information in coastal areas. Implementing the method
with these observations could allow to further improve the retrieval of the surface and near-surface
submesoscale dynamics. Nevertheless, such an approach is not straightforward as it will require
to accurately assess the source and sink terms due to biological activity in the tracer conservation
equation (Equation (1)). This operation will be crucial for extracting the information related to the
surface currents advection.
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Abstract: The similarity of mesoscale and submesoscale features observed in different ocean scalars
indicates that they undergo some common non-linear processes. As a result of quasi-2D turbulence,
complicated patterns of filaments, meanders, and eddies are recognized in remote sensing images.
A data fusion method used to improve the quality of one ocean variable using another variable
as a template is used here as an extrapolation technique to improve the coverage of daily Aqua
MODIS Level-3 chlorophyll maps by using MODIS SST maps as a template. The local correspondence
of SST and Chl-a multifractal singularities is granted due to the existence of a common cascade
process which makes it possible to use SST data to infer Chl-a concentration where data are lacking.
The quality of the inference of Level-4 Chl-a maps is assessed by simulating artificial clouds and
comparing reconstructed and original data.

Keywords: remote sensing; ocean color; data fusion; data merging; physical oceanography;
singularity analysis

1. Introduction

Global maps of Chl-a concentration at sea surfaces, similar to what happens with many other
remote sensing products, suffer from data gaps. This is especially true for high-spatial resolution (few
kilometers) daily maps, where orbital voids add to the data loss due to clouds, aerosols or sunglint.
For this kind of products, gap-filling and noise-reduction techniques are required to provide uniform
products suitable for environmental monitoring or the initialization of ecosystem models. To achieve
this goal, data interpolation and noise reduction are commonly performed using univariate methods
as, for example, [1]. Multivariate methods have also been applied to generate uniform products that
combine information from different sensors; examples of multivariate approaches include optimal
interpolation [2], empirical orthogonal functions [3,4], classification methods [5] and more recently
using data-diven methods as analog data assimilation [6,7]. The method discussed in this paper is
based on the empirical perception that fronts, eddies, and filaments are identifiable in the satellite
imagery of different ocean variables (sea level, ocean color, sea surface temperature, sea surface salinity)
and, sometimes, even in the raw radiance recorded by the satellites [8,9]. Remote sensing and drifter
data have shown that the statistical distribution of surface ocean fields has characteristics of a flow in
fully developed quasi-2D turbulence. Owing to the underlying turbulence of the ocean, the application
of a technique known as singularity analysis [10] allows to retrieving information about ocean currents
from images of any advected scalar.
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Remote Sens. 2020, 12, 1153

The analysis of the spatial variability of pigment images found no difference between the
wavenumber spectra of SST and ocean color maps, leading to the conclusion that phytoplankton
cells in dynamic areas effectively behave as passive scalars [11,12]. In [13] it was shown that sea
surface temperature and chlorophyll maps have the same multifractal structure. This fact can be
interpreted as a consequence of the turbulent advection at the scales of observation and due to
the existence of a common cascade process [14]. The multifractal structure of any scalar can be
characterized through singularity analysis [15]. Singularity analysis is any technique capable of
calculating a map of the singularity exponents associated with a given scalar. A singularity exponent
is a non-dimensional number that characterizes the sharpness, or regularity, of the scalar around a
given point [10]. Nieves et al. [13] showed that the singularity exponents extracted from SST, Chl-a or
brightness temperature maps are very similar, a fact that was interpreted as an effect of the advection
term. Notice that the equivalence among singularity exponents does not require advection to be the
largest term in the equation of evolution. Advection is a non-linear term in the equation of evolution,
and thus it is at the origin of singularities.

That the common singular structure of variables advected by the turbulent ocean has been
exploited to reduce the noise in SMOS sea surface salinity maps using data from auxiliary, high-quality
SST maps [16,17]. The same algorithm can be used not only to reduce noise but also to extrapolate
provided that the template is defined at the missing points. Although the theoretical foundation of the
data fusion method is relatively complex, its practical application is rather simple: a non-parametric,
weighted local linear regression between Chl-a and SST maps are calculated at each point, then the
regression parameters obtained at each point are applied to the value of SST at that point to infer a
new variable of Chl-a.

The goal of this work is to assess the ability of a local linear regression approach to fill remote
sensing chlorophyll concentration data gaps. This local relation between SST and Chl-a can be
built from a single snapshot of both variables, so the implementation of the method is simple,
computationally fast, and no training set is required; moreover, the method is well fit to deal with
strong, rapid changes in the dynamics of the flow as far as it is always turbulent. Additionally,
the analysis of the auxiliary parameters of the fusion algorithm allows characterizing the modulation
of the seasonal correlation modulation between Chl-a and SST variables.

2. Satellite Data

Two Aqua-MODIS ocean products from the NASA Aqua spacecraft are used in this study: Chl-a
concentration Level-3 daily product, and standard MODIS Aqua Level 3 SST Thermal IR Daily 4
km Nighttime, both at 4 km × 4 km grid [18]. Our dataset period goes from January to December
2006. The data were downloaded from the Ocean Color web portal, http://oceancolor.gsfc.nasa.gov/.
According to many studies, it is assumed that Chl-a follows a lognormal distribution [19] and so we
work with the logarithm of chlorophyll concentrations for ease of use (theoretically the singularity
exponents should not change if a monotonic function is applied to the data [10], but it is numerically
more stable to work with a dynamic range comprising fewer orders of magnitude).

3. Method

3.1. Singularity Analysis

Singularity analysis is the key stone of the so-called Microcanonical Multifractal Formalism
(MMF) [10]; where the fluid is understood as a hierarchical arrangement of different fractal components,
each own with its own fractal dimension and characterized by a particular value of the singularity
exponent. Singularity exponents are related to the ocean circulation and thus they are not specific
to any particular scalar under study. In fact, it has been verified that with a good approximation
singularity lines coincide with the streamlines of the flow [20], confirming that singularity exponents
are characterized by the flow and not scalar-specific. The emergence of such a singular structure is the
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result of the advective forces acting on a quasi-2D turbulence regime, and can be thus observed for
scales ranging from kilometers to the planetary scale.

The calculation of singularity exponents in a given noisy, discretized signal requires the use of an
appropriate interpolation scheme, the most usual one being wavelet projections. Let s be an arbitrary
2D scalar signal. It will be said that s has a singularity exponent h(x) at the point x if, for any wavelet
function Ψ the following relation holds:

TΨ|∇s|(x, r) ≡
∫

dx′ |∇s|(x′) 1
r2 Ψ

(
x − x′

r

)

= α(x) rh(x) + o
(

rh(x)
)

(1)

where r stands for an arbitrary scale parameter (normalized by the integral scale so it is dimensionless
and smaller than 1) and o

(
rh(x)

)
is a term that becomes negligible compared to rh(x) when r goes

to zero. The amplitude function α(x) does not depend on the particular scale at which the wavelet
projection is calculated and has the same units as the gradient of the scalar.

The left hand side, i.e., TΨ|∇s|(x, r), is called the wavelet projection of the gradient modulus of s
over the wavelet Ψ, and represents a local zoom of variable size around the point x. What is important
in Equation (1) is the function h(x), which is called the singularity exponent of the function s at the
point x. The singularity exponent is, by construction, a dimensionless measure of the regularity or
irregularity of the function s around the point x.

3.2. Fusion Method

As discussed in Turiel et al. [10], ocean scalars as chlorophyll and temperature (denoted
respectively by c and θ) are multifractal in the microcanonical sense. This implies that a singularity
exponent can be assigned at each point and that they are arranged in a particular way, which in turn
implies that they are related to a property of the flow (its circulation) rather than to any specificity of
the associated scalar.

Assuming that the singularity lines of Chl-a and SST coincide as it was shown in Nieves et al. [13],
it follows that their gradients must be related by a smooth 2 × 2 matrix ρ [17] :

∇c(�x) = ρ(�x)∇θ(�x), (2)

Although a large number of ρ(�x) verifying Equation (2) exist, the indetermination is considerably
reduced by imposing that the matrix ρ(�x) must be smooth: a non-smooth ρ(�x) would be a source of
singularities, and hence the singularity lines of c and θ would differ. If we further assume that the
gradients of c and θ are aligned, then Equation (2) leads to:

c(�x) ≈ a(�x) θ(�x) + b(�x) (3)

with smooth functions a and b (i.e., they have small gradients as compared to those of c and θ).
Let us now suppose that the function c is contaminated by some source of noise n, so in fact our

data sets consists of θ(�x) (assumed noiseless) and c′(�x) = c(�x) + n(�x). We can construct a filtered
version of c, denoted by c f , as:

c f (�x) = â(�x) θ(�x) + b̂(�x) (4)

where â(�x) and b̂(�x) are estimates of the actual parameters a(�x) and b(�x) in Equation (3). These
estimates are obtained from the values of c′ and θ by performing scale-invariant linear regressions
weighted around each point. The weight of a specific point x′ is defined as wx(x′) = |x − x′|−2.
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The total weight of a point �x, N(�x), is defined as follows:

N(�x) ≡ ∑
�x �=�x′∈sea

1
|�x′ −�x|2 (5)

The weighted regression uses all available data of each field, using the function N(�x) that decay
as a power-law with the distance (Equation (5)); thus it is scale-invariant, as it does not introduce any
preferred scale [16,17].

With â(�x) and b̂(�x), an estimation of the chlorophyll c f may be obtained applying Equation (4) as
soon as the value of θ at that location �x is available. This algorithm was shown in Umbert et al. [17] to
lead to a large increase in the quality of SMOS SSS maps using OSTIA SST maps as a template; besides,
the method leads to significant restoration of the structure of singularity exponents.

4. Results

4.1. Scalar Synergy

Figure 1 shows examples of daily maps of MODIS Chl-a concentration (top panel) and SST
(middle panel) in 1 January 2006. The values of Chl-a are derived from measurements in the visible
part of the spectrum, which may be affected by artifacts like aerosols, sun glint and high turbidity
of the water. Several flags are introduced to characterize Chl-a data quality and a result, maps of
Chl-a usually suffer from a larger incompleteness than those of SST, which are derived from infrared
measurements in the 4 μm range. An example of the application of the fusion algorithm in the global
ocean for 1 January 2006 is shown in the bottom panel of Figure 1. As stated before, the algorithm
allows estimating the local Chl-a-SST regression by taking into account all possible couples of data
(SST,Chl-a) weighted using function N(�x) in Equation (5). Fused Chl-a maps integrate the relation
between structures present in the SST and Chl-a specific structures. In fused daily products we
recognize some expected Chl-a global patterns, near the ocean surface, where availability of sunlight is
not limiting, phytoplankton growth depends on temperature and nutrient levels. High chlorophyll
concentrations are found in nutrient-rich, cold polar waters and where ocean currents cause upwelling,
which brings nutrient-rich deep-cold water to the surface.

We will focus in the region of the Gulf of California, a narrow sea between mainland Mexico
and the Baja California peninsula, where high primary productivity levels are found as a result of
an efficient nutrient transport of waters from under a shallow pycnocline into the euphotic zone [21].
Figure 2 shows the input variables of our algorithm (top panel: Chl-a, middle panel: SST) and the
output fused Chl-a (bottom panel). The corresponding singularity exponents are shown in the right
column. Rich singularity structures can be recognized in the original chlorophyll concentration maps
associated with the fronts mainly caused by the horizontal transport from high primary production
areas onto less productive ones. The SST field exhibits also the richness of patterns associated with
the circulation in that area. Where both images are not affected by data gaps, the singularity structure
(although not the magnitude) is similar between them. Places where the correspondence of both
singularity images fails may identify places at which intrinsic dynamics of the variable competes with
flow advection.

Once the data fusion is applied, the L4 Chl-a is extrapolated to all the pixels where SST was
available. The structure of Chl-a is well represented (compared to the original image), although a
smoothing of the original variable degrades the dynamic range of the variable. The singularity
exponents of the fused Chl-a data reveal that most of the structures present in the SST map are
re-integrated in the chlorophyll map at the same time that Chl-a specific magnitude and structures are
maintained; for instance, the strong gradient associated with the biological activity present in the Gulf
of California, appear delineated in the fused Chl-a. This implies that the fusion algorithm can partially
integrate SST structures without destroying Chl-a ones.
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Figure 1. (top panel) MODIS Aqua Level 3 Chl-a (mg/m3), (middle panel) MODIS Aqua Level 3 SST
(◦C) and (bottom panel) Level 4 Chl-a concentration (mg/m3) extended to the areas where MODIS
SST was available, for 1 January 2006.
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Figure 2. (top row) MODIS Chl-a (mg/m3), (middle row) MODIS SST (◦C) and (bottom row) fused
Chl-a (mg/m3), for 1 January 2006 (left column) and associated singularity exponents (right column).

4.2. Interpretation of Auxiliary Parameters

As shown in Equation (4), the functions â(�x) and b̂(�x) provide information about the local
functional dependence between SST and Chl-a. The local slope, â(�x), will be negative at those places
where SST decreases as Chl-a increases in the neighborhood, and the converse. Considering that cold
waters tend to have more nutrients than warm waters, phytoplankton is more abundant where surface
waters are cold. So, as we move from one given point to another with colder water, Chl-a would
usually increase and thus the slope â(�x) will be negative. However, the relationship changes from
point to point and it should be expected to change from one image to the next one. Figure 3 shows the
seasonal average of the slope and intercept (considering winter as January-February-March, spring as
April-May-June, summer as July-August-Septemebr and fall as October-November-December).

The coherent patterns of the auxiliary parameters of the method delineate areas with different
relation between Chl-a and SST. In the same spirit, Longhurst [22] introduced the concept of
ocean biogeochemical provinces, characterized by their particular physical and biological behavior.
Longhurst definition is based on the mixed layer depth lying close to the ocean-atmosphere interface.
Specific provinces have common characteristics and can generally be classified as four general biomes:
the coastal, polar, westerly and trade winds biomes. A visual comparison between local functions of
the fusion method and the Longhurst definition is shown in Figure 3.

As expected, negative slopes are present in the upwelling areas associated with the easternmost
currents of the great anticyclonic gyres, corresponding to the Benguela and Canary currents in the
Atlantic Ocean and the Peru and California currents in the Pacific Ocean. Notice that this negative
slope is present all year long. These oceanic areas, as well as the upwelling zones and continental
margins, are rich in Chl-a as a result of the proximity to areas where the resurgence of nutrients take
place and the local circulation is favorable to nutrient accumulation. A band of cool, chlorophyll-rich
water is also apparent all along the equator; the strongest signal at the Atlantic Ocean and the open
waters of the Pacific Ocean also leads to negative values of the local intercept b̂(�x).

180



Remote Sens. 2020, 12, 1153

Figure 3. (left column) Seasonal mean local slope estimation â(x) for spring, summer, fall and winter.
(right column) Local intercept estimation b̂(x) for spring, summer, fall and winter. These are the mean
estimations used in the derivation of the fused maps as the one presented in Figure 1. (bottom row)
Chl-a mean concentration for year 2006 and SST mean for the same year.
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Negative values of â(�x) are also found in areas where Chl-a concentration decreases as SST
increases; this situation, which is typically found in the (oligotrophic) subtropical gyres, intensifies
in the Atlantic Ocean during the northern hemisphere winter and spring. The Pacific Ocean exhibits
an intensified negative pattern in the Northern subtropical gyre during boreal spring and a negative
pattern in the southern hemisphere during austral spring. In both cases, such intensification in the
oligotrophic subtropical gyres is driven by the seasonal cycle of sea surface temperature.

Subpolar gyres are also characterized by high Chl-a concentrations linked to nutrient accumulation
during winter, when the mixing layer reaches the deep ocean followed by the stratification of the
water column during spring. During the dark winter months, the local slope between SST and Chl-a is
positive. However, when sunlight returns and nutrients are trapped near the surface during spring
and summer, the phytoplankton flourishes in high concentration, seen as negative values of â(�x).

The local regression coefficient (not shown) has small values along the Equatorial Pacific, and in
the Southern and Indian Ocean indicating that horizontal advection of Chl-a cannot be locally explained
by SST variability in these regions only. Therefore, either additional variables should be taken into
account, or a more sophisticated relation between Chl-a and SST should be used. For example, in ocean
regions of High Nutrient Low Chlorophyll (HNLC) as the equatorial Pacific and the Southern Ocean,
low Chl-a concentrations are due to a stoichiometric imbalance of iron which have no link to SST.
Another possible cause for the low values of the local regression coefficient in some regions is the lack
of enough points to provide a quality reconstruction. For instance, 85% of the data points are missing
in the Equatorial Pacific due to the large cloudiness.

4.3. Validation of Reconstruction

To assess the quality of the extrapolation resulting from our data fusion method, we validate
it by analyzing 5 different regions (as shown in Figure 4); each region has at least an area of 8 × 8
degrees (200 × 200 pixels). For each of these areas a mask representing a cloud structure (of the typical
size and shape found in chlorophyll images) is defined (the clouds are generated using a real MODIS
SST 9-km daily image of 1 January 2006, and are kept fixed in time). Those masks have a surface of
about 30% of the region on which they will be applied. To assess the quality of the fusion algorithm,
we proceed in three steps. In the first step, points lying in the masked area of a daily Chl-a map are
removed (notice that there will be additional missing points in the Chl-a map because of the gaps in
the original remote sensing product; for instance, in the EP area (Figure 4) the average percentage of
missing points is 85%). In the second step, the fusion algorithm is applied to the masked Chl-a map
using the corresponding daily SST map as a template, extrapolating to the missing values. Finally,
the extrapolated values are compared to the available original ones on the masked area for each image
during the entire year 2006 (365 daily images). We require a minimum of 5% of original Chl-a values
existed inside the masked area to perform the cross validation. This strategy allows comparing the
original Chl-a and the retrieved one at the available masked points, and therefore the extrapolation
ability of the fusion method.

The performance of the algorithm is studied in different Chl-a regimes: oligotrophic regions
(Central Atlantic, CA and Pacific in front of California, CL) and eutrophic regions in higher latitudes
(North Atlantic, NA), coastal upwelling areas (Benguela upwelling, BG) and the Equator (Equatorial
Pacific, EP). NA region is defined by [19.61◦W–9.19◦W; 51.65◦N–57.91◦N] and 22% of the area is
masked, EP region is defined by [142.54◦W–130.04◦W; 5.02◦S–0.40◦N] (29% of the area is masked),
CL region is defined by [125.87◦W–117.53◦W; 22.48◦N–30.82◦N] (31% of the area is masked), BG region
is defined by [9.56◦E–17.90◦E; 27.53◦S–19.19◦S] (35% of the area is masked) and CA is defined by
[40.44◦W–30.03◦W; 22.48◦N–30.82◦N] with a 34% of the area being masked.

Examples of one daily image validation are shown in Figure 4 for each region. A quantitative
measure of the quality of the reconstruction of the chlorophyll is given in terms of four parameters:
the root mean square (rms), bias (mean) and standard deviation (std) of the reconstructed error and
the correlation coefficient (r) between the masked and reconstructed values. In the case of the central
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Atlantic and California regions, the concentration of chlorophyll is smaller, followed by the values
found in the North Atlantic, the Equatorial Pacific and the Benguela upwelling where highest values
of Chl-a concentration are found. Correlations coefficients between L4 and original Chl-a decrease for
the regions where lower pigment concentrations are found. Better statistics are associated to areas of
high primary production.

The validation for the entire year 2006 is summarized in Table 1; the mean seasonal values for each
one of the statistical parameters and clouds are included. Our data fusion method succeeds in filling
gaps with mean annual correlation coefficients ranging from 0.58 to 0.81 for the studied period and
artificial clouds. Oligotrophic regions (North Atlantic and California) have mean regression coefficients
which are significantly lower than the mean correlation coefficients values for the equatorial Pacific,
the North Atlantic and the Benguela upwelling regions respectively. The smaller performance in
oligotrophic regions is probably due to the small horizontal gradients of Chl-a there together with
a larger signal-to-noise ratio. However, the absolute error of the reconstruction is always moderate.
A slightly mean positive bias is systematically found, meaning that the L4 estimates are smaller than
the original Chl-a values, probably due to the smoothing generated by the weighting function used in
the fusion algorithm [16].

The seasonal segregation of validation results highlights a worse performance during the
January-February-March period, with mean correlation coefficients ranging from 0.15 to 0.47 (Central
Atlantic and Benguela upwelling, respectively). During the rest of seasons, the validation results
greatly improve with correlation coefficients ranging from 0.67 to 0.94 in spring (AMJ), from 0.77 to
0.94 in summer (JAS) and from 0.74 to 0.94 in fall season (OND). In the winter season, the strengthening
of winds and deepening of the mixed layer in mid and high latitudes create a large supply of nutrients
from the deep ocean to the surface, which will be available for phytoplankton to proliferate in the
following seasons. In equatorial and coastal upwelling regions (Equatorial Pacific and Benguela,
respectively), the upwelling intensity also varies seasonally depending on wind strength and direction
and the vertical structure of the water column. Under these circumstances, nutrient availability, vertical
mixing and the depth of the mixed layer play crucial roles in the distribution of Chl-a, which could not
be only explained by horizontal advection and the distribution of surface temperature.

The power density spectra (PDS) is computed as in [23] inside the boxes shown in in Figure 5
(top) for each daily file and then the median for the entire period 2006 is calculated. The spatial
spectral analysis of MODIS Chl-a, MODIS L3 SST and Level 4 Chl-a products under the SPURS and
STP regions (red and green boxes in Figure 5 (top)) shows that the actual spatial resolution of MODIS
Chl-a and MODIS L3 SST is about 10 km and, and 15 km for the L4 Chl-a product (Figure 5 (bottom)).
The intermittent character of MODIS Chl-a and the lower resolution of L4 Chl-a explain the vertical
shift between their PDS.

Table 1. Mean seasonal results of daily reconstruction validation under artificial clouds for year 2006.

R STD BIAS RMS

JFM AMJ JAS OND JFM AMJ JAS OND JFM AMJ JAS OND JFM AMJ JAS OND

CA 0.15 0.67 0.77 0.74 0.20 0.07 0.08 0.06 0.70 0.04 0.03 0.02 0.73 0.08 0.09 0.06
BG 0.47 0.93 0.91 0.93 0.35 0.14 0.13 0.11 0.27 0.03 0.02 0.02 0.47 0.15 0.13 0.12
CL 0.19 0.89 0.80 0.88 0.22 0.04 0.04 0.04 0.72 0.02 0.03 0.03 0.75 0.05 0.05 0.06
EP 0.25 0.94 0.94 0.94 0.17 0.04 0.03 0.03 0.42 0.01 0.02 0.01 0.46 0.04 0.04 0.03
NA 0.33 0.88 0.91 0.86 0.16 0.09 0.10 0.07 0.47 0.02 0.01 0.01 0.50 0.10 0.10 0.07
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Figure 4. Artificial clouds generated for validation purposes in the Central Atlantic (CA), Benguela
upwelling (BG), California Pacific (CL), Equatorial Pacific (EP) and North Atlantic (NA) (top left panel).
Validation of reconstruction under artificial clouds for MODIS Chl-a concentration. For CA region day
95, BG region day 159, CL day 90, EP day 193, and NA day 193 of year 2006.
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Figure 5. (top) Areas for power density spectra (PDS) computation: Red box represent SPURS region
(22◦–28◦N and 28◦–60◦W) and green box represent STP region (27◦–33◦S and 106◦–170◦W). (bottom)
Median of PDS for the year 2006 of MODIS L3 SST, MODIS Chl-a, and Level 4 Chl-a for the SPURS
region (left) and the STP region (right).

5. Discussion and Conclusions

Satellite missions that measure chlorophyll concentration offer limited coverage due to orbital
gaps, the presence of clouds and aerosols, sun glint, poor retrieval of the geophysical variables, etc.
Combining data from several satellites can considerably increase the spatial coverage of daily maps.
In this paper, we have used a method to merge the information coming from two different ocean
scalars that share common multifractal characteristics. One of the two scalars, denoted as template,
is assumed to have higher spatial coverage and signal-to-noise ratios than the other one, denoted
as signal. The application presented here uses MODIS SST as template and MODIS Chl-a as signal.
The template is used to extrapolate the signal by estimating local linear regression coefficients between
Chl-a and SST, then applying them to the template to restore the signal.

The regression coefficients of the data fusion method exhibit geographical patterns that contain
information about the relation between Chl-a and SST. The linear approximation, based on the
hypothesis that the gradients of the regression coefficients are negligible as compared with the gradients
of the variables Chl-a and SST, is less accurate on equatorial Pacific, Indian oceans, and during
the winter season. In all these cases the present scheme needs to be extended. Besides, auxiliary
environmental information, such as surface winds, mixed layer depth or nutrient concentration must
be taken into account to fully understand the Chl-a behavior.
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By exploiting the synergy between Chl-a and SST, it has been possible to increase the daily spatial
coverage of MODIS Chl-a. The extrapolated fields have proved to be consistent with the observed
ocean structures. A cross validation of the methodology, which consisted on create artificial gaps, apply
the methodology and compare to the original Chl-a data, indicates correlation coefficients ranging
from 0.67 to 0.94, except in winter season, when the correlation coefficients range from 0.15 to 0.47.

In conclusion, we have demonstrated the efficiency of blending SST and Chl-a to improve spatial
coverage of chlorophyll products and to study the relation between ocean scalars. The resulting
information can help to further characterize the spatio-temporal correlation between SST and Chl-a,
and the temporal variation and long-term evolution of the biogeochemical provinces.
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Abstract: The expected amplitude of fixed-point sea surface temperature (SST) fluctuations induced
by barotropic and baroclinic tidal flows is estimated from tidal current atlases and SST observations.
The fluctuations considered are the result of the advection of pre-existing SST fronts by tidal currents.
They are thus confined to front locations and exhibit fine-scale spatial structures. The amplitude of
these tidally induced SST fluctuations is proportional to the scalar product of SST frontal gradients
and tidal currents. Regional and global estimations of these expected amplitudes are presented.
We predict barotropic tidal motions produce SST fluctuations that may reach amplitudes of 0.3 K.
Baroclinic (internal) tides produce SST fluctuations that may reach values that are weaker than
0.1 K. The amplitudes and the detectability of tidally induced fluctuations of SST are discussed in
the light of expected SST fluctuations due to other geophysical processes and instrumental (pixel)
noise. We conclude that actual observations of tidally induced SST fluctuations are a challenge with
present-day observing systems.

Keywords: sea surface temperature; satellite observations; tidal currents; internal tides

1. Introduction

Internal waves (IW) have recently been shown to significantly contribute to sea level variability at
scales smaller than about 100 km [1–3]. The contamination of IW at theses scales limits our ability to
infer ocean currents from altimetric data because IW currents are not related to sea level via geostrophy
unlike slower/mesoscale balanced structures [4]. Some IW are of tidal origin and stationary with
respect to astronomical forcings, such that the signatures of these waves on altimetric data can be
predicted harmonically and eventually removed [5]. Unfortunately most IW are either

• from tidal origin but have lost their phase relationship with tidal forcing after interaction with the
slower oceanic turbulence (nonstationary internal tides, see Ponte and Klein [6] and Zaron [7]) or

• from non tidal origin (e.g., wind-forced, lee-waves).

In both cases, we have no means today to predict these waves.
A direction of research that has been poorly explored yet deals with the signature of IW on satellite

data of non-altimetric nature (e.g., sea surface temperature, color) and potential synergies in order
to disentangle IW and balanced signatures in altimetric data. We recently proposed in an idealized
context a tentative method in order to carry such synergies [8]. While it is premature to apply this
method with real data, it may be time to start collecting remote sensing data that: (1) will allow us to
verify critical assumptions for such methods (e.g., smallness of IW signature on SST image) and (2) will
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ultimately be suitable in order to test such methods. The present work is relevant to the former task.
We more precisely focus on the quantification of SST fluctuations induced by stationary baroclinic
tides because atlases of their distributions are now available [9]. We will also quantify SST fluctuations
induced by barotropic tides because the same methodology may be employed for that purpose.

Sea Surface Temperature (SST) is a challenging parameter to define precisely as the upper ocean
(within the first 10 m) has complicated vertical variability that is linked to ocean turbulence and
air-sea heat fluxes [10]. Methods for determining SST from satellite remote sensing include thermal
infrared (IR) and passive microwave radiometry. Both methods have strengths and weaknesses.
Thermal IR SST measurements are derived from radiometric observations at wavelengths of ∼3.7 μm
and/or near 10 μm. They provide high spatial resolution SST observations (∼1 to 10 km) and good
accuracy (0.1–0.8 K) [11,12], however they are affected by cloud coverage and provide observations
only for cloud-free pixels. On the contrary, microwave observations (4–10 GHz) provide a better spatial
coverage since they are not affected by cloud coverage but their spatial resolution (∼25 to 50 km)
is coarser than IR observations ([13] and references therein). In addition, SST measured from space
are representative of a depth that is related to the frequency of the satellite instrument. For example,
IR instruments measure a depth of about 20 μm, while microwave radiometers measure a depth of a
few millimeters [14].

Internal wave modulations of SST from IR aerial observations have been reported at kilometric
scales in low-wind conditions [15–19]. Two mechanisms have been considered in order to explain these
modulations: fluctuations of the cool-skin temperature (The ocean surface is generally 0.1–0.6 ◦C cooler
than the temperature just below the surface. And this “skin”, or ultra-thin region, is less than a 1mm
thick. For further details see http://ghrsst-pp.metoffice.com/pages/documents/DocumentFiles/
GDS-v1.0-rev1.5.pdf [last access 8 August 2019]) induced by the internal wave straining field and
modulations of the upper diurnal surface layer by vertical displacements of the seasonal thermocline.
Internal waves imprint their spatial structure on SST in the aforementioned papers. The present
work focuses instead on quantifying of Eulerian, i.e., fixed point, modulations of a pre-existing SST
distribution induced by tidal currents and the spatial structure of these modulations is thus not
expected to reflect the structure of tidal motions.

This study is based on SST satellite observations, tidal current atlases and an atlas of SST
gradients which are described in Section 2. The method to quantify internal wave signature on
IR SST observations is explained in Section 3 and results are shown in Section 4. Finally, Section 5
discusses to which extent we may capture SST fluctuations of tidal origin in satellite observations and
the main limitations for observing these fluctuations (i.e., pixel noise). All the acronyms used in the
manuscript are detailed in the Abbreviation table at the end of the manuscript.

2. Data

2.1. Tidal Current Atlases

Barotropic tidal currents are extracted from FES2014 which is the current version of the FES (Finite
Element Solution) tidal database [20]. Tidal solutions are obtained from an assimilation of tide gauges
and altimetric data and delivered on a 1/16◦ grid. Tidal currents for the M2 constituents are typically
of the order to 2–3 cm/s in the open ocean and exhibit a spatial structure characterized by large spatial
scales modulated by topography (Figure 1b).

Baroclinic tidal currents are derived from the High Resolution Empirical Tide (HRET) Models
[http://web.cecs.pdx.edu/ zaron/pub/HRET.html]. This database has been created to provide
baroclinic tide corrections for sea level measurements collected by the upcoming SWOT mission [21].
It was created from an harmonic analysis of sea level anomalies collected by exact repeat altimetric
missions (1992–2015). Maps of tidal sea level are provided on a 0.05-degree near-global grid for the 6
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most important constituents (M2, S2, K1, O1, N2, and P1 tides). Tidal currents are derived from sea
level maps assuming the following momentum equations [9]:

−iωu − f v = −g∂xη − u/τ, (1)

−iωv + f u = −g∂yη − v/τ, (2)

where u, v are zonal and meridional currents, η represents sea level, g is gravity, τ = 20 days is
damping time scale, and ω is the tidal frequency. Solutions to (1)–(2) are given by:

u =
−iωτ g∂xη + f g∂yη

ω2
τ − f 2

, (3)

v =
− f g∂xη − iωτ g∂yη

ω2
τ − f 2

, (4)

where ωτ = ω + i/τ. M2 baroclinic currents exhibit a spatial structure characterized by interfering
beams originating from well-defined generation spots (e.g., islands archipelagos, sills) and typical
amplitudes around 10 cm/s in the open-ocean (Figure 1a)

Figure 1. (a) HRET M2 baroclinic current amplitude for regions with bathymetry(h) deeper than 1000 m
(b) FES2014 M2 barotropic current amplitude. The colormap is saturated at 10 cm/s on both figures.
Two black boxes delimit the regions of the case study presented in Sections 4.1 and 4.2, respectively.

2.2. Atlas of SST Gradients

The climatology of the maximum SST gradient magnitude is courtesy of Peter Cornillon, Graduate
School of Oceanography, University of Rhode Island (URI). This climatology is obtained from the
entire (1985–1996) Pathfinder 9 km resolution SST dataset and is based on the automated procedure
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by [22] and [23–25] and developed by [26–28]. Further technical details may be found in this report
from the Danish Meteorological Institute (DMI) [29]. The distribution of maximum SST gradient
indicates SST spatial gradients exceeding 0.5 ◦C near western boundary currents, upwelling areas,
the antarctic circumpolar current (Figure 2). The coarser resolution of the SST used for this climatology
compared to the SST observations described in Section 2.3 may impact the expected amplitudes of
tidally induced SST fluctuations using the climatology. The later may be underestimated compare to
what would be estimated with higher resolution SST data to an extent that is difficult to anticipate.

Figure 2. Maximum of the annual climatology of the maximum spatial gradient of SST from University
of Rhode Island (URI) Pathfinder 9 km frontal database.

2.3. SST Observations

We use infrared GHRSST SST images captured by several orbiting satellites, particularly,
we explored AVHRR-METOP-A (OSISAF) [30], VIIRS and MODIS. In order to find cloud free images,
we automatically browsed the entire L2 data catalog for a given region and extracted granules that
satisfied a priori selection criteria. The selection procedure consists in dividing the granules in small
patches of a fixed size (100 × 100 pixels) and evaluating the ratio of free cloud pixel for each patch
individually. To ensure a good spatial coverage, the granule is selected if cloud-free pixel ratio is equal
or higher than 80% in at least 30 patches. Finally, the selected granules are remapped onto a regular
grid with a spatial resolution of 0.02◦. We have explored the L2 data archive from 1 January 2014 to
31 December 2016 for AVHRR-METOP, VIIRS and MODIS.

3. Method

In order to estimate SST fluctuations associated with tidal currents, we assume that tidal motions
follow a dynamics that is linear about other motions and adiabatic. Among both assumptions, that
of linearity may be occasionally broken for short solitary-type internal waves of tidal origins but is
expected valid for open-ocean low-mode internal tides and barotropic tides. Under the aforementioned
assumptions, tidal currents transport SST gradients according to:

∂tTw = −uw∂xTs − vw∂yTs, (5)

where Tw is the variation of SST due to tidal currents (w stands for wave), uw and vw are the zonal and
meridional components of tidal currents, respectively, and Ts stands for the SST. Assuming that:

Tw = �(Tce−iωt), uw = �(uce−iωt), vw = �(vce−iωt), (6)
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where Tc = Tr + iTi, similarly for uc and vc, and ω is the tidal frequency (for M2 constituent ω =

1.405 × 10−4 rad/s), the amplitude of tidal fluctuations of SST can be estimated as:

|Tc| =
∣∣∣uc∂xTs + vc∂yTs

iω

∣∣∣ (7)

The quantification of the SST tidal fluctuations is splitted in three steps:

1. Computation of the spatial SST gradient: The Sobel gradient [31,32] of SST is computed from
free cloud infrared SST observations. The Sobel operator uses two 3 × 3 kernels and it emphases
pixels that are closer to the center of the mask. (Figures 3b and 4b)

2. Tidal current amplitudes: the tidal current amplitudes are either extracted from the data base
(barotropic) (Figures 3c and 4c) or derived from the sea level (baroclinic) and then remapped onto
the grid of SST observations using bilinear interpolation.

3. SST tidal fluctuations: the final step consists in evaluating expression (7) using the SST gradients
and the amplitude of tidal currents obtained in the two previous steps. (panels (d) and (f) of
Figures 3 and 4)

4. Results

A first attempt at quantifying the expected amplitude of fixed-point SST fluctuations induced
by barotropic and baroclinic tidal flows is presented here, by means of two case studies
(Sections 4.1 and 4.2) using infrared SST observations, and at a global scale using clymatological
analysis of SST gradients (Section 4.3). The two case studies represent a trade-off between clear sky
conditions (see Figure A1) and the intensity of tidal currents (Figure 1).

4.1. Northwest Australia

Guided by maps of clear sky probability (Figure A1) and tidal current maps (Figure 1), we focused
first on a region located Northwest of Australia, with latitudes between 22◦S and 12◦S, and longitudes
between 114◦E and 124◦E. We browsed the SST L2 archive (METOP, VIIRS and MODIS) from 2014
to 2016 and selected granules that accomplish at least 30 (100 pixels × 100 pixels) patches with 80%
free cloud pixels. Table 1 summarizes the number of available granules for this region. The number of
days with more than one L2 granule available is 303 days, which represents a 27% of the analyzed
period. The SST corresponding to 8 September 2016 was in particular selected based on this criterium.
Gradients of SST were computed and exhibit moderate values around 0.2 ◦C km−1.

Table 1. Number of L2 granules available from 1 January 2014 to 31 December 2016 in the Northwest
Australia case study region.

Number of Available L2 Granules

2014 2015 2016 TOTAL

METOP 181 124 185 490
VIIRS 160 147 120 427

MODIS 59 152 120 331

In this area, semidiurnal internal tide currents (0.08–0.12 m s−1) are typical of what may be found
in the open ocean (Figure 1). These currents are masked over the continental shelf because HRET is
not reliable there [9]. Barotropic currents are amplified over the shelf with M2 tidal currents up to
0.6–0.8 m s−1.

Figure 3 illustrates the procedure to quantify the signature of M2 SST fluctuations for the
Northwest Australia case study region. We first compute the Sobel gradient of the SST field then we
retrieve M2 baroclinic and barotropic currents for regions. Finally the amplitude of SST fluctuations
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associated with baroclinic and barotropic currents are estimated by taking the product of SST gradients
and tidal currents (Equation (7)).

Both baroclinic and barotropic tidal SST fluctuations are intensified on fronts and filaments.
Barotropic fluctuations are largest on the shelf with values up to 0.3 ◦C and no significant signal
in the open ocean (see Figure 3d). Baroclinic SST fluctuations are one order of magnitude smaller,
being 0.03–0.04 ◦C (see Figure 3f).

Figure 3. (a) SST captured by VIIRS on the 8 September 2016. (b) Sobel gradient of SST. Note that the
SST field shown here is composed of three L2 granules. The gradient is computed for each granule
individually. Thus, the representation of the gradient presents two scan lines with missing data that
correspond to the boundaries of the granules. (c) M2 barotropic FES amplitude current. Gray contour
correspond to the bathymetry. (d) Estimation of the amplitude of M2 signature on SST. (e) M2

baroclinic HRET amplitude current for areas with a bathymetry deeper than 1000m. Gray contour
lines correspond to the bathymetry. (f) Estimation of the amplitude of M2 IW signature on SST.

4.2. South Madagascar

Based again on clear sky maps and tidal currents maps, we selected a second region South of
Madagascar (latitude between 30◦S and 24◦S , longitude between 42◦E and 48◦E). The number of
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L2 granules available between 1 January 2014 and 31 December 2016 are summarized in Table 2.
For this region, the number of days with more than one granule is 267 (24 % of the period considered).
As shown by the METOP SST observation of 5 June 2014 (Figure 4), this region is characterized by
strong SST gradients (0.3-0.4 ◦C km−1) see Figure 4b).

Both baroclinic and barotropic tidal currents are weaker in this area with values of the order of
0.07 m s−1 and 0.3 m s−1, respectively. Barotropic currents extend to deep areas, which is different
than the Northwest Australia case, shown in Figure 3c.

Figure 4 illustrates the procedure to quantify the signature of the semidiurnal M2 baroclinic
motion on SST for the South of Madagascar case study region from a SST image captured by METOP
on the 5 June 2014. M2 barotropic currents (see Figure 4c) induce SST fluctuations that are up to
0.2 ◦C which is less than for the Northwest Australia case. The maximum amplitude of M2 baroclinic
tidal SST fluctuations reaches 0.08 ◦C for this particular case (Figure 4e), i.e., about twice than for the
Northwest Australia region. These two opposite trends emphasizes that SST tidal fluctuations result
from the product between SST gradients and tidal currents.

Table 2. Number of L2 granules available from 1 January 2014 to 31 December 2016 in the Madagascar
case study region.

Number of Available L2 Granules

2014 2015 2016 TOTAL

METOP 130 147 114 391
VIIRS 70 133 145 348

MODIS 143 111 40 249

4.3. Global Scale

A global perspective on SST tidal fluctuations (Figure 5) is obtained by combining the map of
maximum SST gradients (Figure 2) and maps of tidal current amplitudes (Figure 1) as described in
Section 3. In this case, since the maximum SST spatial gradient climatology has coarser spatial
resolution, it was remapped to onto the grid of the tidal current amplitudes using a bilinear
interpolation. Over Northwest Australia and South Madagascar, climatological values of maximum
gradients are about 0.3 ◦C/km and 0.4 ◦C/km respectively, which is between 2 and 6 times more than
maximum SST gradients in the two scenes selected (Figures 3 and 4). The same ratio directly reflects
into expected tidal SST fluctuation amplitudes.

Baroclinic tidal currents cause largest SST fluctuations around western boundary currents main
flow paths, except in the case of the Gulf Stream where the baroclinic tidal current is weak or
non-existent (see Figure 1), and nearby upwelling areas. The signal is in general weaker for latitudes
within ±15◦ equatorial areas. When barotropic currents are large, they induce largest SST signals,
i.e., in coastal areas, and with a geographical distributions that thus significantly differs from that
associated to baroclinic currents. The amplitude of barotropic tidal SST fluctuations is about three
times larger than the one induced by baroclinic currents.
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Figure 4. (a) SST captured by METOP on the 5 June 2014. (b) Sobel gradient of SST. (c) M2 barotropic

FES amplitude current. Gray contour correspond to the bathymetry. (d) Estimation of the amplitude
of M2 barotropic signature on SST. (e) M2 baroclinic HRET amplitude current for areas with a
bathymetry deeper than 1000m. Gray contour lines correspond to the bathymetry. (f) Estimation of the
amplitude of M2 IW signature on SST.
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Figure 5. (a) Estimation of the amplitude of M2 IW signature on SST. (b) Estimation of the amplitude
of M2 barotropic signature on SST.

5. Discussion and Conclusions

Baroclinic tidal currents derived from the HRET database correspond to the stationary part of the
internal tide signal, i.e., fluctuations that keep a fixed phase relationship with astronomical forcings.
These currents represent a fraction of actual baroclinic tidal currents [7]. Therefore, present estimates
of baroclinic tidal SST fluctuations may underestimate true fluctuations. This is in particular true over
western boundary currents paths (see SST fluctuations minima on Figure 5), where the baroclinic tides
are non-stationary to a large extent.

For the sake of brevity, this study has focused on one tidal constituent (M2). Constructive
interference with other constituents may therefore modulate present estimates of SST tidal fluctuations.
The present analysis may be adapted in order to quantify the amplitude of these modulations. It may
also be adapted in order to estimate SST fluctuations by other types of fast oceanic motions such
as near-inertial waves [33]. Near-inertial currents are for example at least as energetic as baroclinic
tidal ones.

Can we hope to capture SST tidal fluctuations in satellite observations? Consecutive observations
of SST may allow the identification of propagating SST fluctuations. This identification may be
conditioned by the relative importance of SST tidal fluctuations compared to that induced by
other geophysical processes (diurnal cycle, mesoscale, submesoscale motions) and noise. SST tidal
fluctuations inherits their spatial structures from frontal features, i.e., of the order of kilometers, which
is marginally larger than satellite resolutions. These small scale fluctuations will occur coherently over
tidal currents spatial scales (Figure 1) nonetheless, and this may be leveraged in order to identify SST
tidal fluctuations. The diurnal cycle of SST is expected to have large spatial scales and thus be clearly
distinguishable from SST fluctuations induced by tides [34]. Mesoscale and submesoscale fluctuations
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have comparable spatial structures on the other hand, but are slower and non-propagating which may
be leveraged in order to distinguish their contributions to SST fluctuations. The small scale structure
of tidal SST fluctuations indicates that pixel noise is the source of noise that may limit the observation
of these fluctuations.

We have estimated the noise present in the granules used, assuming it is Gaussian [35]. Given this
assumption, the standard deviation of the noise σε can be estimated using the K-clipping method [36].
This method exploits the dominance of noise at short wavelengths and can be explained as follows.
A first guess of σε is obtained as the standard deviation of a high-pass frequency version of the initial
field. Then those values with amplitude higher than K times σε are rejected, and a new estimation of
σε is obtained from the standard deviation of the remaining values. This is performed iteratively until
σε is obtained, then. In practice three iterations (K = 3) are enough [36]. The estimated noise standard
deviation of the granules considered in the case studies presented in this work is shown in Table 3.
It is in general comparable with or smaller than expected SST tidal fluctuations.

Despite the signature of IW on SST exhibit fine-scale spatial structures and thus IR SST
observations are more suitable to quantify tidal fluctuation in SST, we explored whether microwave
SST observations could be used to extract low-mode stationary internal tides. Figure A2 shows
an example of microwave SST captured by AMSR2 for the same case study shown in Section 4.2.
Only stronger gradients of SST are captured and its amplitude is halved compared to the IR SST field
shown in Figure 4. Similar results have been already reported by [37] in other regions such as the Gulf
Stream or California. Despite these weaker values, the larger amount of available microwave data
may be beneficial for the extraction of temporally coherent tidal signals and this should be subject for
future work.

The following steps are therefore to search for consecutive snapshots of SST in areas of interest.
Infrared geostationary satellites may be useful for this purpose (Himawari, SEVIRI). The global maps
in the present paper highlights several regions (on top of the two selected here) where tidal variability
is important and cloud density is favorable: Patagonian shelf, west Florida shelf, Moroccan shelf,
Persian Gulf, East Indian shelf, Strait of Gibraltar.

Table 3. Noise standard deviation of the SST images considered.

Granule ID Sensor Region σε(K)

20160908174014 VIIRS Northwest Australia 0.03
20160908174139 VIIRS Northwest Australia 0.03
20160908174305 VIIRS Northwest Australia 1.68
20140605062503 AVHRR South Madagascar 0.67
20140605184903 AVHRR South Madagascar 0.06
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The following abbreviations are used in this manuscript:
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AMSR2 Advanced Microwave Scanning Radiometer 2
AVHRR Advanced Very High Resolution Radiometer
CNES Centre National d’Études Spatiales
CSIC Consejo Superior de Investigaciones Científicas
FES Finite Element Solution
GHRSST Group for High Resolution Sea Surface Temperature
HRET High Resolution Empirical Tide
IFREMER Institut Français pour l’Exploitation de la Mer
IR Infrared
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MODIS MODerate resolution Imaging Spectroradiometer
OSISAF Ocean and Sea Ice Satellite Application Facillity
SEVIRI Spinning Enhanced Visible and InfraRed Imager
SST Sea Surface Temperature
SWOT Surface Water and Ocean Topography
VIIRS Visible Infrared Imaging Radiometer Suite

Appendix A. Free Cloud Pixel Probability

The availability of IR observations is limited by the cloud coverage. Thus, it may be a key
parameter to take into account when selecting the regions to study. Figure A1 is included as supporting
information to select studied regions.

Figure A1. Probability of clear pixel for the time series (1982–2011) considered in the climatology of
the maximum gradient of SST from University of Rhode Island (URI) Pathfinder 9 km frontal database
(courtesy of Peter Cornillon Graduate School of Oceanography, University of Rhode Island (URI)).
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Appendix B. Other SST Observations

Microwave radiometers observations suffer from poor spatial resolution but have great spatial
coverage, since they are not affected by the cloud coverage. Their temporal coverage is good for
balanced flows but not for IW. We explored to which extent the information about low-modes stationary
internal tides (as well as barotropic tides while we’re at it) could be extracted from such data. Figure A2
shows an example of a Microwave SST captured by AMSR2 for the same date than the case study in
South Madagascar shown in Section 4.2. As it can be observed by comparing Figures 4 and A2, only
stronger gradients can be observed in microwave observations, and its amplitude is reduced by half.

Figure A2. (a) SST captured by AMSR2 on the 5 June 2014, same date than SST shown in Figure 4
(b) Sobel gradient of SST captured by AMSR2.
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Abstract: The European Space Agency (ESA) Soil Moisture and Ocean Salinity (SMOS) and the
National Aeronautics and Space Administration (NASA) Soil Moisture Active Passive (SMAP)
missions are providing brightness temperature measurements at 1.4 GHz (L-band) for about 10 and
4 years respectively. One of the new areas of geophysical exploitation of L-band radiometry is on thin
(i.e., less than 1 m) Sea Ice Thickness (SIT), for which theoretical and empirical retrieval methods have
been proposed. However, a comprehensive validation of SIT products has been hindered by the lack
of suitable ground truth. The in-situ SIT datasets most commonly used for validation are affected by
one important limitation: They are available mainly during late winter and spring months, when sea
ice is fully developed and the thickness probability density function is wider than for autumn ice and
less representative at the satellite spatial resolution. Using Upward Looking Sonar (ULS) data from
the Woods Hole Oceanographic Institution (WHOI), acquired all year round, permits overcoming
the mentioned limitation, thus improving the characterization of the L-band brightness temperature
response to changes in thin SIT. State-of-the-art satellite SIT products and the Cumulative Freezing
Degree Days (CFDD) model are verified against the ULS ground truth. The results show that the
L-band SIT can be meaningfully retrieved up to 0.6 m, although the signal starts to saturate at 0.3 m.
In contrast, despite the simplicity of the CFDD model, its predicted SIT values correlate very well
with the ULS in-situ data during the sea ice growth season. The comparison between the CFDD SIT
and the current L-band SIT products shows that both the sea ice concentration and the season are
fundamental factors influencing the quality of the thickness retrieval from L-band satellites.

Keywords: L-band radiometry; Soil Moisture and Ocean Salinity (SMOS) mission; Soil Moisture
Active Passive (SMAP); sea ice thickness; retrieval model validation; upward looking sonar; Arctic

1. Introduction

The thickness and spatial extent of sea ice are key geophysical parameters, whose retrieval by
remote sensors (i.e., L-band passive microwave radiometers) has been carried out a number of times
since the late 1970s [1,2]. Thin sea ice is important for climate change due to its dominance over the
ocean-atmosphere heat exchange in the Arctic region [3]. The Sea Ice Thickness (SIT) can be indirectly
retrieved by measuring the freeboard using laser and radar altimeters [4–7]. The thin SIT can also be
estimated using ice surface temperatures from thermal infrared imagery with some limitations [8].
Low frequency (e.g., 0.6 GHz) passive radiometry was first proposed for SIT retrievals by [9], and more
recently with L-band passive radiometry [10–13].
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SIT retrievals based on freeboard measurements show their merits for developed ice (>1 m)
while having limitations for thin ice and reduced spatial and temporal resolutions [6]. The passive
microwave radiometric approach at low frequency is better suited for thin ice (<0.5 m) and can produce
daily maps of the Arctic regions [11–13]. Nonetheless, passive microwave radiometry observations
are limited to the cold season since melting ice produces artefacts in the retrievals [14]. Therefore,
these two types of retrieval methodologies are complementary [10].

There are currently two operating L-band passive microwave radiometer satellite missions:
the Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active Passive (SMAP) missions.
The SMOS satellite was launched in November 2009, carrying a synthetic aperture passive microwave
radiometer operating in the L-band at 1.4 GHz (λ = 21 cm) [15]. The SMAP mission was launched in
2015, carrying a radar and an L-band radiometer sharing a 6 m antenna reflector [16]. SMOS provides
multi-angular observations, with a spatial resolution of ∼30 km × 30 km at nadir and a swath width
of approximately 1200 km [15]. SMAP provides observations at fixed incidence angle of 40◦, with a
spatial resolution of 36 km × 47 km and a swath width of 1000 km [16]. These missions were originally
designed for inferring soil moisture content and sea surface salinity from the surface emissivity [17–19].
However, [10] described the sensitivity of passive L-band brightness temperature measurements to sea
ice properties, mainly to SIT, but also to sea ice temperature (Tice) and salinity (Sice).

There are two types of Passive Microwave Radiometry (PMR) retrieval methodologies for SIT:
on the one hand, the methods based on a combination of thermodynamic and radiative transfer models
(e.g., University of Hamburg SIT), which account for variations of ice salinity and temperature [12,20];
and on the other hand, empirical algorithms, such as the one developed by the University of Bremen,
calibrated using training data from ice growth models [13,21].

The available ground truth limited the assessment and validation of current PMR thickness
products [14,22]. Currently used validation datasets are acquired during the late winter and early
spring periods [14,23]. Furthermore, they are restricted to specific acquisition dates in different
locations, thus limiting the possibility of performing a comprehensive quality assessment of the
product. This is due to the very restrictive operational constraints of helicopter-based campaigns.
As such, the surveyed ice mostly corresponds to well-developed late-winter (thick) sea ice, not suitable
for L-band SIT retrievals. Furthermore, late-winter SIT presents a more disperse distribution as
compared with autumn-forming ice. Therefore, at scale of the satellite resolution, the late-winter in-situ
SIT measurements are little representative of the satellite-derived SIT scales. The lack of suitable in-situ
ground truth data for validation purposes stressed the need for more field campaigns [14]. Authors
from [22] and [14] performed comparisons between satellite and airborne Electromagnetic Induction
(EM) systems. However, the already mentioned sampling problems (i.e., late-winter acquisitions and
lack of a time-continuous record) are still present in all the validation datasets.

The moored Upward Looking Sonar (ULS) from the Beaufort Gyre Exploration Project (BGEP)
is considered to be the reference method for SIT estimation [7]. Its year-round sampling of SIT in a
fixed location allows for a continuous record of the SIT during the freeze-up period provided that
there is enough sea ice drift [24]. The available ULS data, which can be collocated with 7 years
of SMOS-coincident measurements, have better temporal coverage than SMOS although with very
limited spatial extent (that of the place where the buoy is moored). However, thanks to the drifting sea
ice above the mooring, the ULS is actually sampling a wide variety of sea ice conditions, much more
representative of sea ice geophysics than the other auxiliary datasets. This enables a spatio-temporal
re-sampling of the validation dataset, which makes the ULS data resolution equivalent to that of
the satellites. As such, the ULS turns out to be an excellent tool for the assessment of the L-band
satellite-derived thin SIT products [12,13].
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To the best of our knowledge, this is the first study aiming at comparing ULS with PMR SIT. Due
to the limited amount of moorings, the ULS data are insufficient to carry out a thorough analysis of
current PMR SIT products. However, available data can be used to verify the agreement between
in-situ data (ULS) and modeled data (Cumulative Freezing Degree Days (CFDD)) during the sea ice
growth season. Then, the calculated CFDD SIT is used to carrying out a more in-depth analysis of
L-band spaceborne SIT products.

This analysis sheds light on the performance and limitations of current PMR ice thickness
retrieval algorithms.

The structure of the paper is as follows: in Section 2 the data used in this study are described.
Then, in Section 3 the retrieval algorithms for generating SIT from L-band satellite data are presented
and discussed. In Section 4 the methodology for the characterization of the different SIT datasets is
introduced, while the analysis results are discussed in Section 5. Finally, the concluding remarks can
be found in Section 6.

2. Data

2.1. SMOS Data

In this study, the data from the official SMOS Level 1B product version 504 acquired north of
60◦ between 2010 and 2017, are analyzed. The L1B dataset contains the Fourier components of the
Brightness Temperatures (TB) at the antenna reference frame. By applying an inverse Fourier transform,
we obtain TB snapshots (i.e., an interferometric TB image) [25]. TBs are referenced using an Equal-Area
Scalable Earth (EASE) Northern Hemisphere grid of 25 km resolution. The SMOS TB radiometric
uncertainty is ∼2 K at boresight, although it degrades on the extended alias-free field of view [26].

The TB measurements are corrected for standard contributions such as atmospheric attenuation
and geomagnetic and ionospheric rotation [17]. The galactic reflection correction, not significant at
high latitudes, was not applied. A 3-σ filtering is applied using the radiometric uncertainty as σ at all
the points in the antenna plane. TB measurements are also filtered in regions of the field of view that
are known to have low accuracy due to Sun reflections, Sun tails and aliasing effects [27].

The TB measurements from ascending and descending orbits are averaged over periods of 3 days
to reduce the noise level. The acquisitions are also averaged by incidence angle bins of 2◦. The SMOS
geometry and the presence of interferences can cause missing observations at some incidence angles.
A cubic polynomial fit to interpolate TB measurements is used to obtain TB samples over the full range
of incidence angles at each grid point [25].

2.2. SMAP Data

The SMAP platform is equipped with an active (Synthetic Aperture Radar or SAR) and a passive
(radiometer) microwave system, operating at L-band. The SAR system aimed at improving the quality
and resolution of the radiometric signal. However, the radar high-power amplifier had a problem on
7 July 2015 causing a halt in data transmission [28]. Currently, the SMAP products are based on the
low-resolution radiometer data [28]. The satellite Equator crossing times are at 6:00 p.m. and 6 a.m.,
for the ascending and descending nodes respectively, with a revisit of 2–3 days [16]. The global daily
SMAP Level 3 V5 gridded TB product on EASE2 grid (36 km resolution) is used in this study. The SMAP
L3_SM_P product is downloaded from the National Snow and Ice Data Center (NSIDC) [19]. The TBs
within the SMAP L3 product are given at the surface level. Therefore, they are corrected, using near
surface information, for atmospheric and sky radiation contributions [29].

2.3. Moored Upward Looking Sonar

SIT measurements from in-situ moored ULS are available since the early 1990s [24]. The measuring
unit from the BGEP consists of several instruments: an Acoustic Doppler Current Profiler (ADCP),
an ice-profiling sonar (IPS) with a pendulum and pressure sensors. The ADCP is an echo sounder
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that measures motion by using the Doppler shift of a target [30]. The IPS measures the distance to
the ice-water interfaces. The sonar is made up of an amount of transducers that shape a fine acoustic
beam of 2◦ at −3 dB [24]. This sharp beam permits sampling a target at 50 m distance with a ∼2 m
resolution. The pendulum and pressure sensors allow us to estimate the tilt of the beam and the depth
of the moored ULS, respectively. Inferring the depth from the pressure implies the knowledge of
the atmospheric pressure which must be subtracted (pressure from a nearby weather station often
suffices) [24]. The sampling rate is 0.5 Hz, generating files with more than 40,000 samples per day.
The uncertainty of the SIT measurement is of 5–10 cm, and depends on a number of factors [24].

Three in-situ moorings located in the Beaufort Sea (see Figure 1) are used in this study. Data
collected between 2010 and 2017 during the freeze-up period of the year; i.e., October–January,
are analyzed. The total surveyed track length, assuming an ice drift of ∼8 km/day on average,
is ∼20,000 km. This constitutes an unprecedented source of information for validation of current PMR
thickness retrievals. Thickness is measured in a Eulerian context (i.e., fixed moorings), thus enabling
the analysis of ice thickness development during the freeze-up period. This type of retrievals allow a
year-round cost-effective acquisition of ice thickness as opposed to helicopter-based campaigns [14].

2.4. Ancillary Data

Sea Ice Concentration (SIC) maps from the database of the Ocean and Sea Ice Satellite Application
Facility (OSI SAF) of the European Organisation for the Exploitation of Meteorological Satellites
(EUMETSAT) are used in this study. SIC is estimated from TB observations from the Special Sensor
Microwave Imager/Sounder (SSM/I and SSMIS) at 19 and 37 GHz which are corrected for atmospheric
effects using the European Centre for Medium-Range Weather Forecasts (ECMWF) model output [31].

Sea Ice drift data from the Polar Pathfinder Sea Ice Motion Vectors [32] available at the NASA
NSIDC are also used in this analysis, in particular, Version 4, which includes an improved filtering
of the SSMI inputs and updates, i.e., input buoy data and input motion vectors. Ice motion
estimates are derived from a number of satellite sensors such as the Advanced Very High Resolution
Radiometer (AVHRR), the Advanced Microwave Scanning Radiometer—Earth Observing System
(AMSR-E), the Scanning Multi-channel Microwave Radiometer (SMMR), SSMI and SSMI/S sensors,
the International Arctic Buoy Programme (IABP) and NCEP/NCAR Reanalysis forecasts [32].

Finally, NCEP/NCAR Reanalysis 1 surface air temperatures [33] at 2.5 degrees resolution in
latitude and longitude, with a mean absolute error of ∼0.25 and 1.25 degrees Celsius in summer and
winter, respectively [34], are used in this analysis. NCEP data together with the empirical Cumulative
Freezing Degree Days (CFDD) model are used to calculate SIT [35,36].

SIT[m] = 1.33 ∗ (CFDD[◦C])0.58 , (1)

The following procedure is applied in order to obtain SITs from surface temperatures. Sea ice
freezing temperature is subtracted from the available NCEP/NCAR surface air temperatures. We
apply the modulus function to the resulting temperatures. The resulting value is added from the
beginning of the freezing period (i.e., end of September-beginning of October) to the date under
consideration. This cumulative quantity is used as an input in Equation (1) to obtain the desired SITs.

3. L-band Passive Radiometer Ice Thickness

Two algorithms for SIT retrievals have been proposed in the literature: one empirical and
another one based on the thermodynamic/radiative-transfer model. The empirical methodology
was firstly proposed by [11]. It consists of an exponential function that relates the measured intensity
or First Stokes parameter (i.e., the average of the horizontally and vertically polarized TBs) with SIT.
The intensity is used because of its better quality and signal preservation (e.g., less affected by Faraday
rotation) as compared to the co-polarized TBs.
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The L-band SIT empirical retrieval is based on Equation (2):

Tobs = T1 − (T1 − T0)exp(−γd)

d ± δd = − 1
γ

ln(
T1 − Tobs ± δTobs

T1 − T0
) ,

(2)

where d is the inverted ice thickness, γ the attenuation factor, T1 and T0 the saturated thick ice and the
open water signals respectively, and Tobs the observed brightness temperature.

This algorithm has been further developed by [13], including a new fitted function describing the
Polarization Difference (PD) dependence on SIT. Also the incidence angle used is different: while [12]
uses the incidence angle range of 0–40◦, [13] uses the observations retrieved at 40◦. Additionally, [13]
relies on ice growth models for generating the training dataset. More recently, a method that
combines the SMOS and SMAP TBs to produce a state-of-the-art SIT product has been developed [21].
The empirically-based product used in this study is produced and supported by the University of
Bremen. They currently distribute a version ingesting the SMOS TBs observations. The retrieval is
limited to 50 cm ice thickness [13,21]. Allegedly, the SIT error increases with ice thickness and it could
amount up to 50% of the retrieval values [21].

The thermodynamic/radiative-transfer model methodology was first developed by the University
of Hamburg [12]. The ice thickness is estimated using an iterative approach due to the dependence
of SIT on temperature and ice salinity [12]. The ice thickness estimated by [11], which is calculated
with average values of Tice and Sice for the Arctic, is used as a first guess in the initial iteration.
The temperature of the ice pack is assumed to be the average of the sea water freezing temperature
and the surface air temperature from atmospheric reanalysis data [12]. Sea ice salinity, also required
by the radiation model, is estimated with the empirical function defined by [37] using the sea surface
salinity based on climatology as input. The thickness retrieval convergence is based on the comparison
between the observed intensity at nadir (from 0 to 40◦ incidence angle) and the modeled intensity from
an adaptation of the radiation model by [9]. The obtained thickness field is further refined by applying
a lognormal distribution [38] that takes into account the effect of subpixel-scale heterogeneity at SMOS
resolution [12]. The limits of this type of retrieval are variable depending on the temperature and
salinity of the ice pack. It can reach up to 1.5 m under very special conditions, i.e., low temperatures
and low salinities, only attainable at closed seas or water masses with large amounts of fresh water
supplies (e.g., Baltic Sea) [12]. The SIT uncertainty increases with thickness and it can be larger than
the estimated thickness [12].

The presence of snow over sea ice modulates the L-band signature. The wet snow acts as an
absorbent at this frequency, thus suppressing the sea ice thickness sensitivity when wet snow is present.
This is the reason why the SMOS SIT maps are not produced from mid April to mid October. On the
other hand, the dry snow produces a bias in the TB, especially in the H-polarization TB as already
stated in [39].

4. Methodology

The ULS data shows its suitability as SIT reference dataset or ground truth when checking its
consistency for the continuous sampling of the ice pack during the freeze-up period. The ground
truth data acquisition relies on the drifting nature of the sea ice [24]. The ULS thickness reference is
re-sampled into the EASE grid for comparison against L-band radiometer thickness products and
CFDD SIT based on NCEP/NCAR surface reanalysis data. To produce a suitable ground truth for
comparison against satellite measurements, the ULS data are time averaged over consecutive 24-h
spans, i.e., the same time resolution of the daily L-band thickness products.
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The total amount of measured samples (which equals the number of measured days during the
freeze-up period) was ∼2500 which multiplied by the average daily sea ice drift gives a figure of
approximately 20,000 km of sampled ice thickness. We imposed a filtering criterion over the time
averaged ULS ground truth. The filtering was performed in a two step approach. Firstly, leads were
discarded from the statistics whenever their presence in the daily sample was above 5%. Secondly,
the daily standard deviation of the ULS dataset with a threshold of 0.2 m was used as a filtering
criterion. The latter implied the filtering of approximately ∼ 30% of the ULS measured ice thickness.
The filtered ULS ice thickness showed its suitability as ground truth given its accuracy, consistency
and continuous record of the ice thickness.

To ensure the statistical representativeness of the derived ground truth, we perform a quality
control of the ULS data based on three consistency criteria. First, the ice profile sample (dependent
on the amount of ice drift) must be long enough; we imposed a minimum of ∼100 days of sampling
which translated into ∼800 km of sampled ice thickness. Second and third, the variability of the SIT
profile and SIT field in the perpendicular direction to the profile, respectively, must be low enough;
here again, we imposed a threshold of ∼0.2 m in the ice thickness standard deviation. A mean ice
drift of ∼7–8 km day−1 for the entire sampling period was estimated on the location of the moorings
using both the in-situ ADCP [24] and the NSIDC sea ice velocity record [32]. The variability of the
temporally-averaged thickness was calculated with the daily standard deviation of the dataset. Finally,
the latter value was used as a proxy for estimating the variability of the ice in the perpendicular
direction of the sampled profile.

Figure 1 shows the Buoy C and the CFDD SIT evolution over the freeze-up period in 2015. There is
a good match between the ULS thickness data and the CFDD modeled SIT. The temporal evolution of
the SIT ground truth shows an increasing standard deviation of the ice thickness daily mean while
spring approaches. The thickness values stop increasing at the beginning of spring. As soon as this
happens, the ice thickness daily mean begins to change more rapidly. Note also that the SIC increases
rapidly at the beginning of the freeze-up period. The former facts indicate that the most suitable time
for carrying out a calibration or assessment of L-band ice thickness is precise during the freeze-up
period, after the SIC reaches nominal values around 95%, and before the in-situ ice thickness loses its
representativeness of satellite resolution scales (i.e., beginning of spring).

We performed the comparison between the daily SIT ground truth and the University of Hamburg
(UH) and University of Bremen (UB) SIT products. The UH product provides an uncertainty and
a saturation field to inform the users about the quality of the product. As such, the UH SIT data
were filtered by using these two parameters following [2]. The filtering was performed using a 1-m
uncertainty and a 90% saturation ratio (i.e., the ratio of the estimated thickness to the maximum
theoretical retrieval). This filtering procedure reduces the number of ground truth match-ups
to approximately one third of its original size, thus triggering the need to extend the validation
dataset using model-based SIT data. The comparison between the ground truth and the CFDD SIT
(see Equation (1)) shows that the latter is in a first approximation a good estimate of the former as a
reference dataset.

The use of CFDD model-based SIT facilitated the extension of the validation. However,
this extension was grounded on the homogeneity hypothesis (i.e., the sea ice growth conditions
in other regions are considered similar to those found at the buoys’ locations). This hypothesis can
only be valid during the freeze-up period when the ice growth is fast and the impact of the ice drift is
lower on the CFDD modeled ice thickness.

The scatter plot between the ULS-derived ground truth collected over 7 years during the freeze-up
periods (from 2010 to 2016) and the co-located CFDD SIT is shown in Figure 2. The scatter indicates
that CFDD SIT is a good proxy of the ground truth having only small deviations from the identity
line, the regression factor is ∼0.99 ± 0.01 at 95% confidence level. Indeed, the CFDD SIT represents
quite well ice thickness up to 0.3 m. For larger SIT values, a slight overestimation of the CFDD data is
noticeable. We attribute this overestimation to the inability of the model to represent events of strong
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ice drift that inhibit ice growth for several days. This good correlation between both datasets does
not hold for the late winter-early spring months (see Figure 1). Therefore, we only use the CFDD SIT
as proxy of the ULS ground truth during the freezing season (i.e., from October to January), and in
regions with thin first-year sea ice.

a

Figure 1. (a) Location of Woods Hole Oceanographic Institution (WHOI) buoys in the Beaufort Sea.
The map uses the Arctic Polar Stereographic projection (EPSG: 3995) [40]. (b) Temporal evolution
of the ice thickness measured by Buoy C (red dots) and modeled by Cumulative Freezing Degree
Days (CFDD) (black line) over the freeze-up period in 2015. (c) Comparison between the modeled
CFDD and Upward Looking Sonar (ULS) ground truth gathered during the first three months of the
freeze-up period.
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Figure 2. Comparison of the modeled CFDD Sea Ice Thickness (SIT) and the ULS ground truth. Contour
lines in scatter plots herein describe the normalized density surface. Contours show a 20% step increase
in density in all cases. Pearson’s correlation coefficient used herein is defined as the covariance of
two variables divided by the product of their standard deviations.

5. Results and Discussion

5.1. L-band Response to SIT

Using the ground truth as described in the previous section allows establishing the relation
between SMOS and SMAP L-band First Stokes parameter, the PD and the SIT parameter. Figures 3
and 4 show some L-band parameters as functions of the ground truth, which is filtered with a 95%
SIC threshold in all cases. It should be noticed that recent efforts for characterizing the L-band
response to ice thickness were hindered by the distribution and characteristics of the ground truth
used [2,14,22]. On the one hand, the spatial distribution of the ground truth is limited to those regions
sampled by ships. On the other hand, campaigns are normally carried out at the end of winter or in
spring, therefore a thickness seasonal bias can be expected [14,22]. The author in [2] uses the Ocean
ReAnalysis System 5 (ORAS5) modeled ice thickness for their comparison against SMOS SIT. They
notice an overestimation of the ORAS5 with respect to SMOS SIT. This is attributed to the simplified
representation of thin ice by the model (see [2] for further details).

Figure 3 displays the relationship between the First Stokes and PD parameters and the daily ULS
ground truth. The First Stokes parameter shows a large dispersion for thin ice which decreases with
increasing ice thickness. Such a decrease in dispersion reveals a saturation of the response of TB to
large SIT values (i.e., above 0.6 m). The signal saturates at a value of ∼240 Kelvins. The standard
deviation of the TB at large SIT values is in fact an estimation of the radiometric error of the observation
system, because at such SIT values, the signal no longer responds to the geophysical parameters and
the variability can be mainly attributed to the radiometric noise.
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A theoretical relationship between TB and ice thickness based in the incoherent Burke model
can be found in [10] and [12]. We note here that larger dispersion is seen for very thin ice while other
comparisons between these parameters show that the largest dispersion is found at around 20 cm ice
thickness [12,13]. Probably, several physical mechanisms not considered in the theoretical model can
be affecting the TB response to thin ice, such as the impact of ice surface temperature and ice surface
roughness variations, among others.

The relationship between SMOS PD and the ground truth can be found in Figure 3b. The PD
presents a constant but larger standard deviation (with respect to the case of the First Stokes parameter)
for ice thinner than 0.6 m, and for thicker ice the PD saturates at a value slightly below ∼30 Kelvins.
The PD intersects with the ordinate axis at ∼70–80 Kelvins. In contrast, [13] indicates an intersection at
around 50 Kelvins. We attribute this difference either to a wrongly classified thickness with the CFDD
model by [13] or to the inclusion of pixels with different SICs in their analysis.

Figure 3. (a) Soil Moisture and Ocean Salinity (SMOS) First Stokes parameter calculated for 0–40◦

incidence angles against ULS derived SIT. (b) SMOS Polarization Difference (PD) at 50◦ incidence angle.
The blue line represents the average and the red lines plus and minus one standard deviation.

In order to confirm the L-band response to SIT, as shown by SMOS data (see Figure 3), we perform
the same analysis but with SMAP TB. The comparison between SMOS and SMAP TB responses to ice
thickness is shown in Figure 4a. The L-band signal response from both sensors presents very similar
patterns, including larger dispersion for thin ice and saturation for thick ice. Nonetheless, SMAP TBs are
slightly lower for thick ice than those of SMAP, something that can be a consequence of SMOS residual
biases [41].

We estimated the standard deviation of the ice thickness retrieval by propagating the TB error to
the SIT according to Equation (2). Surprisingly, the standard deviation of ice thickness increases with
increasing thickness, as opposed to what happens with the TB. This is due to the formulae used in the
thickness retrieval and the larger sensitivity of TB to SIT for thin ice.

The limit of validity of the empirical retrieval is located around the 0.5 m SIT [11,13]. In order to
further constrain this limit, we analyzed the factor within the exponential term in Equation (2), γd,
which corresponds to a normalized thickness. The scatter plot of Figure 4b evidences the relation
between ground truth and the normalized thickness. As expected, we see an almost linear relation
for ice thinner than 0.6 m. Besides, the dispersion of the parameter increases with ice thickness and
finally, for thicker ice, the sensitivity of TB to SIT is completely lost. The scatter points in that region
are distributed around a horizontal line (hence, the attenuation factor γ is meaningless in that region).
Obviously, this limitation applies only to the pure empirical retrieval. The thickness retrieval can be
extended to thicker ice using a radiative transfer model and assuming a lognormal distribution [12].
However, this approach can be sensitive to the auxiliary fields used, such as SIC, temperature and
salinity, whose uncertainties can be difficult to quantify [2].

211



Remote Sens. 2020, 12, 650

Figure 4. (a) SMOS and Soil Moisture Active Passive (SMAP) Brightness Temperatures (TB) First
Stokes response to ULS derived ice thickness at 40◦ incidence angle. (b) Normalized thickness from the
empirical retrieval against ground truth (see Equation (2)).

5.2. Assessment of UH SIT

The direct comparison between the UH ice thickness and the ground truth reveals that the
product underestimates thin sea ice and overestimates thickness larger than 0.3 m (see Figure 5a).
This underestimation for thin ice and its relationship with SIC has been widely reported in the
literature [2,12]. Considering that CFDD is already overestimating the ULS ground truth for thick ice
(see Figure 2), a larger thickness overestimation of the UH product with respect to ULS is expected for
thick ice (see Figure 5b and Section 4). The ice thickness standard deviation increases with thickness
(see Figure 5b). The observed decrease in the standard deviation for large thickness is due to the
decrease of the scatter region analyzed in the calculation.

The CFDD thickness and the ULS scatter plots against the UH SIT reveal with their similarity
that the proposed homogeneity hypothesis works fine during the freeze-up periods. This situation
provides a solid ground for extending the ULS ground truth with the CFDD ice thickness.

The Probability Density Functions (PDFs) for the freeze-up period for SIC over 90% reveals that
the modes values are of similar value for UH and CFDD SITs (see Figure 5). Moreover, the shape of
both PDFs are similar. However, UH PDF shows a smoother shape, with gentle slopes and a larger
amount of occurrences for thickness above 0.5 m (see Figure 5d). Interestingly, a different PDF is
observed for UH SIT during October, at the beginning of the freeze-up period (see Figure 5c). In this
case, the modes of both distributions are coincidental as was the case for the whole-winter period.
However, the shapes of the distributions are markedly different, even when considering that the
CFDD model SIT is around observable values for the SMOS-based L-band SIT retrieval valid range
(i.e., from 0.1 to 0.6 m), indicating poor-quality SMOS SIT retrievals, even at these favorable conditions
(i.e., for high SIC conditions). A possible explanation for this change on the distribution shape could
be the application of the lognormal distribution to the largest thickness values [12]. This change in the
shape of the distribution is no longer visible for lower SICs.

The analysis of the distributions with lower SIC values (see Figure 6) indicates that the UH
product bias increases with decreasing SIC. Furthermore, the UH SIT distribution is more peaky with
decreasing SIC. The increasing negative bias of the product with decreasing SIC has already been
reported by [12]. The peaky behavior of the distribution might reveal that the retrieval algorithm is
saturated for low SIC values. On the other hand, the thickness distribution for SICs between 70%
and 90%, while having a bias, presents a very similar shape to that of the CFDD SIT (see Figure 6c).
The latter facilitates a possible readjustment of the product using a simple shift. The distribution of SIT
in cases with lower SICs has both a large bias and peaks at lower SIT values (see Figure 6d). In this
case, a readjustment would require both a shift and a rescaling provided that the ice thickness signal is
still present in the measured TB and is not contaminated by the ocean signal.
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Figure 5. (a) Comparison between the ULS ground truth and the University of Hamburg (UH) ice
thickness. Soil Moisture and Ocean Salinity (SMOS) thickness uncertainty and saturation ratio are
always below 1 m and 90% respectively. The red line represents the identity line. Ground truth was
acquired for the freeze-up periods between 2010 and 2017. (b) Comparison between the modeled
CFDD SIT and UH ice thickness for the freeze-up periods between 2010 and 2017. SMOS thickness
uncertainty and saturation ratio are always below 1 m and 90% respectively. The mean and standard
deviations are depicted with a blue and red lines respectively. (c) Probability Density Functions (PDFs)
of CFDD and UH SIT during October between the years 2010 and 2017. (d) PDFs of CFDD and UH SIT
for case during the freeze-up periods between 2010 and 2017 with SIC over 90% in all cases.

The UH SIT product well reproduces the distribution for the whole freeze-up period for high SIC
values (see Figure 5d). However, we recognize the inability of the UH algorithm to represent the real
distribution of SITs for high SIC (i.e., above 90%) during specific periods of the year (e.g., October).
However, this distribution facilitate that UH product better represents the end of winter fully developed
ice for high SICs. During the same period of the year, when lower SICs are considered, UH product
departs from CFDD ice thickness. Moreover, we see both the increasing underestimation and kurtosis
(peakiness) of the distributions with decreasing SICs (see Figure 6). The satellite sampling which
permits a daily coverage for the whole Arctic region [15] contrasts with the limitations of the thickness
retrieval for specific periods of the year (see Figure 5c). The inability of the UH product to capture
the temporal trend of the ice thickness at high SICs is a significant concern since the satellite temporal
resolution is left unexploited (i.e., the retrievals do not properly reflect the real ice thickness distribution
for a given time). The latter leaves the door open for future improvements with a temporally enhanced
thickness retrieval.
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Figure 6. Comparison between the modeled CFDD SIT and the UH ice thickness. (a) SIC is between
70% and 90%. (b) SIC is between 30% and 50%. SMOS thickness uncertainty and saturation ratio are
always below 1 m and 90% respectively. The mean and standard deviations are depicted with a blue
and red lines respectively. (c) PDFs of CFDD and UH SIT for case a. (d) PDFs of CFDD and UH SIT for
case b.

5.3. Assessment of UB SIT

The following comparisons were carried out filtering the UB SIT based on the UH restrictions of
saturation and uncertainty. The methodology makes the comparison between products and ground
truth more consistent and reliable, because we are comparing the same datasets. The analyzed UB
SIT cells are sometimes saturated and sometimes fall within the observable thickness range, when
saturated they are also filtered (i.e., above 0.5 m). The scatter plot between the buoy ULS thickness
and the UB SIT indicates that the UB product underestimates SIT for the whole freeze-up period
(see Figure 7b). The UB thickness shows a large amount of occurrences near the saturation limit. We
interpret this as an indication that the algorithm is trying to represent in the range of half a meter
CFDD thickness values that are clearly over their own retrieval limit (see Figure 7d). We also observe
that ice thickness standard deviation increases with thickness (see Figure 7b). In contrast with the UH
product, only a slight SIT underestimation is present in the UB product for thickness below 0.4 m,
indicating a relatively higher accuracy of the latter within the mentioned thickness range.

Here again, as what happened with the UH SIT, the CFDD thickness and the ULS scatter plots’
similarity supports the proposed homogeneity hypothesis. Therefore, we have further support for
using the CFDD SIT as an Arctic-wide proxy of SIT ground truth.

Indeed, the UB SIT marginal distribution resembles that of CFDD, for the month of October and
SIC above 90% (see Figure 7c). The CFDD thickness values are within the observable L-band thickness
range (0–0.5 m), and therefore they are expected to be resolved as they do (as opposed to UH product,
see Section 5.2). The good fit comes as no surprise since the UB product is based on the CFDD model
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and the NCEP/NCAR surface reanalysis auxiliary data [13]. The observed good fit during October is
no longer seen for later periods (i.e., from November to January) when UB is not able to resolve CFDD
thickness values lying over the retrieval limit (see Figure 7d).

The UB SIT behavior when considering decreasing SIC values is similar to that of the UH product,
i.e., an increasing bias and a more peaky distribution on the thinner thickness range (see Figure 8).
The distributions reveal that the UB product is wrongly classifying thickness above 0.5 m, by setting
them to a fixed value of 0.5 m. The wrongly classified CFDD thickness, calculated after filtering the
saturated UB SIT, amount to 50% of the total (this percentage is calculated for the whole freeze-up
period, considering values of SIC above 90%). The UB thickness products caps the retrievals at
0.5 m [13] taking into account the limits of the empirical retrieval. By doing so, they are indirectly
forcing an artificial saturation visible in all comparisons. On the positive side, we see the related
bias of the acquisition for lower SICs, a similar behavior seen for both UB (see Figure 8c,d) and UH
(Figure 6a,d) SIT, although the former shows a slightly smaller bias (with respect to ground truth) than
the latter.

Figure 7. (a) Comparison between the ground truth measured by the upward looking sonar and the
University of Bremen (UB) ice thickness. SMOS thickness uncertainty and saturation ratio are always
below 1 m and 90% respectively. The red line represents the identity line. Ground truth was acquired
for the freeze-up periods between 2010 and 2017. (b) Comparison between the modeled CFDD SIT and
the UB ice thickness for the freeze-up periods between 2010 and 2017. SMOS thickness uncertainty and
saturation ratio are always below 1 m and 90% respectively. The mean and standard deviations are
depicted with a blue and red lines respectively. (c) PDFs of CFDD and UB SIT during October between
the years 2010 and 2017. (d) PDFs of CFDD and UB SIT for the freeze-up periods between 2010 and
2017 with SIC over 90% in all cases.
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5.4. Applicability of the L-band SIT Retrieval Methodology

Assuming that L-band technology is only sensitive to thin ice conditions, the coverage of
potentially useful L-band SIT retrievals is analyzed in this section.

Figure 9a shows the sea ice extent for all sea ice cells (i.e., SIC above 15%) and for those cells with
specific ice conditions (red curve) and retrievable thin ice (green curve), while Figure 9b shows the
latter as percentages with respect to the total sea ice extent. Figure 9b shows that relative percentages
of retrievable thickness are highest at the beginning of the freeze-up period (i.e., October–November).
Furthermore, when considering the optimal retrievable thickness range (i.e., below 0.5 m), this part
of the year has also the largest share of observable ice thickness. Interestingly, as the freezing
period progresses, the respective shares of observable thickness drop, but between them, the optimal
retrievable thickness presents a further drop below 5% of the total sea ice extent (see Figure 9b).

Figure 8. Comparison between the modeled CFDD SIT and the UB ice thickness. (a) SIC is between
70% and 90%. (b) SIC is between 30% and 50%. SMOS thickness uncertainty and saturation ratio are
always below 1 m and 90% respectively. The mean and standard deviations are depicted with a blue
and red lines respectively. (c) PDFs of CFDD and UB SIT for case a. (d) PDFs of CFDD and UB SIT for
case b.

It is also relevant to stress the limited temporal coverage of the L-band based SIT products, mainly
valid during the freeze-up period and in regions of high SIC values (e.g., during October–November
in the Northern Hemisphere). These optimally observable regions are typically located outside the
multi-year ice holding half-ringed shape (i.e., a partial ring spanning from the northern coasts of
Canada and Russia); eventually, this ring-shaped structure closes when reaching the Bering Strait.
These regions shrink in size as the winter progresses (see Figure 9b), thus leading to poor-quality
SIT retrievals due to the relatively low spatial resolution of the SMOS satellite. Therefore, optimal
retrievable values are expected to be mainly located in these temporally and spatially-varying regions.
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Figure 9. (a) Sea ice extent during the freeze-up period of 2011. The blue line depicts the full sea ice
extent. The red line for ice that has <90% saturation, <1 m uncertainty and >90% SIC. The green line
represents the same conditions as the red line but only for SIT below 0.5 m. (b) Same red and green
lines as in (a) but shown as percentage of the total (blue line).

6. Conclusions

We have characterized the brightness temperature response to SIT using the processed upward
looking sonar ground truth during the freeze-up period between October and January from BGEP from
WHOI. TB shows a larger dispersion for thin sea ice, increases with SIT and saturates for ice thicker
than 0.6 m at approximately 240 Kelvins where the effect of SMOS radiometric uncertainty (radiometric
noise) is visible. PD intersects the ordinates axis between 70 and 80 Kelvins and saturates for ice thicker
than 0.6 m at approximately 30 Kelvins. The observed dispersion of the TB propagates into the ice
thickness estimation with a standard deviation that increases with ice thickness. The analysis of the
attenuation parameter of the empirical retrieval reveals the lack of response of the TB to SIT thicker
than 0.6 m.

The year-round, cost-effective, accurate record of ULS SIT and the lack of validation data stresses
the strong need of deploying and maintaining more measuring units at appropriate locations of the
Arctic Ocean. This approach would probably improve the quality and usefulness of validation data
with respect to current costly ship-based campaigns performed so far for gathering SIT ground truth
with EM [14,22,23], that are also very limited as they can only be done during late winter–early spring
months due to the need of helicopter which entails measuring a fully developed ice pack therefore
skewing the reference dataset.

The detailed comparison between CFDD-model SIT and ULS ground truth evidenced their strong
correlation during the freeze-up period. We have taken advantage of this correlation to use the
estimated CFDD SIT as a reference dataset during the freeze-up periods. Furthermore, we saw the
similarity of the scatter plots between CFDD and ULS against UH and UB SIT products revealing again
the strength of the proposed homogeneity hypothesis. The extension of the ground truth with the
model-based thickness allowed characterizing the L-band ice thickness products in different scenarios.
The analysis showed that L-band SIT present a clear dependency on SIC while this parameter is not
considered in current SIT estimations [12,13].

The comparison between the CFDD SIT and UH SIT product at 90% SIC shows that their modes
are coincident during the whole freeze-up period and also partially at other periods. UH SIT slightly
underestimates for thicknesses below 0.3 and overestimates for thicker ice. However, the shapes of
the PDFs of CFDD SIT and UH SIT, while being similar for the whole winter, becomes notoriously
different at specific months. On the other hand, as the freezing period advances UH SIT mode
corresponds to the CFDD SIT mode. This change in the shape of the distribution is probably needed
to accommodate thickness values outside the L-band observational range and probably relates to
the lognormal distribution [12]. As SIC is gradually lowered in the comparison, there is a trend of
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increasing bias and the UH distribution becomes concentrated at low thicknesses. The shape of both
distributions are very similar when the SIC is between 70% and 90%, an encouraging starting point for
improving the already visible bias at this concentration range.

The comparison between the CFDD SIT and UB SIT product at 90% SIC indicates that UB SIT fits
the ground truth very closely for thickness below 0.4 m. For thicker ice, UB SIT has a tendency to give
a saturated response. This saturation stems from the fact that many CFDD thickness values (around
50%) over half a meter are wrongly classified by UB. However, the thickness distribution for October
presents a shape very close to that of CFDD distribution. The latter comes as no surprise since [13]
product is trained using the CFDD SIT model as a reference. Nonetheless, as the freeze-up period
continues, the CFDD SIT distribution displaces to larger thickness outside the empirical retrieval
observable range. In these cases UB SIT saturation is more pronounced. As SIC is decreased in the
comparison, UB SIT presents an increasing negative bias and its distribution peaks at lower thickness
(following exactly the same behavior as the UH product).

The former analysis permits us to understand the current limitations of SMOS-based ice thickness
products. These limitations are not only related to the retrieval methodology but also to the
geographical extent where L-band based SIT is applicable. There are specific periods of the year
when optimal retrieval conditions are only reached for 5% or less of the whole sea ice Arctic coverage.
This scarce coverage challenges the consideration of L-band-based SIT as an Arctic wide product.
Regarding the methodological limitations, we indicate a minimum of ∼90% SIC for a successful
thickness retrieval during the freeze-up period when the ice pack thickness remains below half a meter.

The observed limitations of the retrieval methodologies strongly suggest future lines of
improvement. Considering the daily temporal resolution of the satellites, a temporally enhanced SIT
retrieval would be a step ahead. This temporal adjustment would allow to present a temporally
consistent SIT product with no variations in its behavior during the winter. The second line
of improvement stems from the need of considering SIC as a required variable for SIT retrieval.
This would permit adjusting the thickness inversion depending on the considered SIC. If the latter
is not possible, indicating at least the ice concentration for the specific retrieved values as a quality
flag is an absolute must. This would give the user fundamental information about the quality of the
estimated ice thickness.
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Abstract: In the last decade, technological advances led to the launch of two satellite missions
dedicated to measure the Earth’s surface soil moisture (SSM): the ESA’s Soil Moisture and Ocean
Salinity (SMOS) launched in 2009, and the NASA’s Soil Moisture Active Passive (SMAP) launched
in 2015. The two satellites have an L-band microwave radiometer on-board to measure the Earth’s
surface emission. These measurements (brightness temperatures TB) are then used to generate global
maps of SSM every three days with a spatial resolution of about 30–40 km and a target accuracy of
0.04 m3/m3. To meet local applications needs, different approaches have been proposed to spatially
disaggregate SMOS and SMAP TB or their SSM products. They rely on synergies between multi-sensor
observations and are built upon different physical assumptions. In this study, temporal and spatial
characteristics of six operational SSM products derived from SMOS and SMAP are assessed in order
to diagnose their distinct features, and the rationale behind them. The study is focused on the Iberian
Peninsula and covers the period from April 2015 to December 2017. A temporal inter-comparison
analysis is carried out using in situ SSM data from the Soil Moisture Measurements Station Network
of the University of Salamanca (REMEDHUS) to evaluate the impact of the spatial scale of the different
products (1, 3, 9, 25, and 36 km), and their correspondence in terms of temporal dynamics. A spatial
analysis is conducted for the whole Iberian Peninsula with emphasis on the added-value that the
enhanced resolution products provide based on the microwave-optical (SMOS/ERA5/MODIS) or the
active–passive microwave (SMAP/Sentinel-1) sensor fusion. Our results show overall agreement
among time series of the products regardless their spatial scale when compared to in situ measurements.
Still, higher spatial resolutions would be needed to capture local features such as small irrigated areas
that are not dominant at the 1-km pixel scale. The degree to which spatial features are resolved by the
enhanced resolution products depend on the multi-sensor synergies employed (at TB or soil moisture
level), and on the nature of the fine-scale information used. The largest disparities between these
products occur in forested areas, which may be related to the reduced sensitivity of high-resolution
active microwave and optical data to soil properties under dense vegetation.
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1. Introduction

Soil moisture (SM) is an essential climate variable (ECV) which plays a crucial role in the interplay
between the Earth’s land and atmospheric processes [1]. It is involved in the energy flux partition into
latent and sensible heat from the land to the atmosphere. SM is closely linked to the soil evaporation,
plant transpiration, and the allocation of precipitation into runoff, subsurface flow, and infiltration.
Advancing our physical understanding of these land-atmosphere processes and interactions [2] is key
for several climate and hydrological applications, such as drought and flood prediction, and weather
and climate forecasting. Passive and active microwave sensors (radiometers and radars, respectively)
are sensitive to the soil dielectric constant and allow estimation of surface soil moisture (SSM) [3].
Among microwave frequencies, measurements at L-band (1–2 GHz) have a higher soil penetration
depth and are less affected by soil roughness, vegetation, and atmospheric effects than at higher
frequencies (e.g., C- or X-bands) [4,5].

Currently, there are two L-band missions in orbit which were specifically devoted to measure
SSM: (i) SMOS (Soil Moisture and Ocean Salinity) launched by the ESA (European Space Agency) in
November 2009, and (ii) SMAP (Soil Moisture Active and Passive) launched by the NASA (National
Aeronautics and Space Administration) in January 2015. Both systems have antennas with about a
6-meter aperture. The resulting brightness temperature measurements have about 40 km resolution
using the half-power or −3 dB definition.

The spatial resolution of SMOS and SMAP brightness temperatures (TB) and derived SSM maps
are in the order of tens of kilometers. However, to fulfill the needs of a growing number of applications,
such as monitoring the evolution of insect pests [6], the prevention of wild fires [7,8], and the early
detection of forest decline [9], among others, a higher spatial detail (<1 km) is required. To bridge this
gap and improve the spatial resolution of the SSM maps, a variety of spatial enhancement or spatial
(sub-pixel) disaggregation approaches have been proposed [10]. They generally differ in the ancillary
information they use and the physical assumptions they rely on [11]. Consequently, the performance
of these disaggregation algorithms depends mainly on the multi-sensor synergies employed and
on the nature of the fine-scale information used which, in turn, may also depend on the season,
climate, and land cover. This makes a direct comparison very challenging, since their performance is
intrinsically linked to the method and rationale, and can also be time and region dependent.

This paper focuses on the in-depth analysis of SMAP and SMOS radiometer-only based products
(SMAP at 9 and 36 km, SMOS at 25 km) and on their enhanced products which are now operational.
They are based on two well-known satellite-based downscaling techniques: the active/passive
microwave data fusion (SMAP/Sentinel-1 at 1 km and 3 km) [12], and the optical/thermal and
microwave data fusion (SMOS/ERA5/MODIS at 1 km) [13,14].

The active/passive microwave data combination aims at obtaining an optimal blend of the high
accuracy of passive sensors and the high spatial resolution of active sensors. Microwave radiometers
have a high radiometric sensitivity (leading to soil moisture accuracies on the order of 0.04 m3/m3) and
a high revisit time (three days), but coarse spatial resolution, typically 30–40 km. Therefore, microwave
radars, especially Synthetic Aperture Radars (SARs) step in, as their spatial resolution is significantly
higher, in the range of some meters. However, the backscatter commonly has a low temporal resolution
(around one week) and may be significantly affected by soil roughness and the soil-covering vegetation
canopy, which complicates the active-only soil moisture retrieval.

High-resolution maps can be obtained by combining information from the active and passive
sensors. For this reason, some studies carried out before and after the SMAP launch, analyzed the
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covariation between passive and active microwave observations. This covariation is mostly driven
by soil moisture dynamics, but also depends on changes on vegetation cover and soil roughness
conditions [15–17], as occurs with the backscatter. When the SMAP radar failed, about 4-months after
its launch, a method to disaggregate the L-band radiometer TB using the C-band Sentinel-1 radar
backscatter was developed [12,18]. This approach, based on the active/passive covariation, is now
the baseline to provide high-resolution SMAP SSM maps at 1 and 3 km [18]. However, the Sentinel-1
measurements are at C-band which have reduced sensitivity for moderate to dense vegetation coverage
(up to ~3 kg/m2).

The optical/thermal and microwave fusion technique takes advantage of the high spatial resolution
of optical and thermal remote sensing and on the inverse relationship between the land surface
temperature (LST), and the vegetation status, which can be related to the soil moisture content [19].
Note that optical and thermal electromagnetic waves have the drawback of being masked by clouds,
whereas microwaves can provide continuous monitoring regardless of atmospheric and illumination
conditions. Here we use the latest version [13] of the optical/thermal and microwave algorithm firstly
developed by Piles et al. [20,21]. It is an integrative model that holds at the coarse and fine spatial
scales. Information of a vegetation index (Normalized Difference Vegetation Index, NDVI) from the
optical and LST from the thermal bands of MODIS (moderate resolution imaging spectroradiometer
instrument, MODIS) instrument, together with SMOS data, are used to obtain the model coefficients at
low resolution. These coefficients are then applied to obtain the SSM fields at high resolution. Since the
presence of clouds masking the MODIS LST information resulted in a loss of spatial coverage, a cloud
free version of the algorithm [14] was developed in which MODIS LST was replaced with modelled
ERA5 climate reanalysis skin temperature from the European Centre for Medium-Range Weather
Forecast (ECMWF). Although the spatial resolution of the ERA5 LST is degraded with respect to
MODIS LST (33 km vs. 1 km, respectively), the coverage increases dramatically; a comparison study
carried out over Australia and Spain showed that the results were consistent for both versions of the
algorithm [14]. This cloud-free version of the algorithm is now in operations at the Barcelona Expert
Center (BEC) [22].

The aim of this paper is to analyze the temporal and the spatial characteristics of low-resolution
(native) and high-resolution (disaggregated) SSM products provided by the SMAP and SMOS missions,
with special emphasis on the most recently developed high-resolution ones. The temporal analysis has
been carried out in the central part of the Duero basin, Spain, where the dynamics of SMAP and SMOS
products at different spatial scales are compared against the data provided by the REMEDHUS in situ
network, and their spatial representativeness as well as their correspondence is assessed. A comparison
of spatial patterns has been conducted for the whole Iberian Peninsula, with focus on the analysis of
their differences and distinct features, as well as on understanding the possible impact of the physical
assumptions and multi-sensor synergies in the fine-scale estimates.

The SMAP and SMOS-derived SSM data products as well as the hydrological and climatic variables
used in this study are presented in Section 2. Section 3 explains briefly the methodology followed to
conduct the temporal and spatial analyses on the different products. The results of these comparisons
are shown in Section 4. Section 5 discusses the possible reasons for the mismatch found among the
different SSM products. Finally, Section 6 provides main conclusions and perspectives from this study.

2. Data Description

This section introduces four SSM products derived from SMAP, two SSM products derived from
SMOS, the in situ SSM measured by REMEDHUS network, and other ancillary information that has
been used in this work. The data products used are summarized in Table 1 and described in the
following subsections.
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Table 1. Summary of the data products used in this study.

Data Acronym Grid Availability

BEC

SMOS L3 SMOSL3 25 km 3-day
SMOS/ERA5 SMOSL4 1 km 3-day

NASA

SMAP L2 Radiometer SMAPL2 36 km 3-day
SMAP Enhanced L2 Radiometer SMAPL2_E 9 km 3-day

SMAP/Sentinel-1 L2 Radiometer/Radar SMAP_AP3 3 km 12-day
SMAP/Sentinel-1 L2 Radiometer/Radar SMAP_AP1 1 km 12-day

REMEDHUS

In situ SSM Point Hourly

Ancillary Data

Land Cover LC 300 m 1-year

2.1. Soil Moisture Data

2.1.1. NASA SMAP Products

SMAP is a NASA mission within the Earth System Science Pathfinder (ESSP) program. The mission
was launched in January 2015 with the main goal of measuring the SSM and the freeze/thaw state
of the soil with high spatio-temporal resolution and global coverage [2]. The data products of this
mission serve applications in many disciplines, including hydrology, weather and climate, meteorology,
environmental sciences, agriculture, human health, and security [2,23]. Its scientific requirements are
to provide estimates of soil moisture of the soil top 5 cm with a target accuracy of 0.04 m3/m3 and a
spatial resolution of 10 km every 3 days over continental land, excluding areas with standing water,
high vegetation content (>5 kg/m2) or frozen ground as well as urban or mountainous areas.

Three SMAP SSM products were investigated in this study: the SMAP L2 Radiometer (SMAPL2)
with a spatial resolution of 36 km [24], the SMAP Enhanced L2 Radiometer (SMAPL2_E) with a
gridding of 9 km [25] but still at the radiometer resolution (~40 km) and the SMAP/Sentinel-1 L2
Radiometer/Radar (SMAP_AP) with a spatial resolution of 3 km (SMAP_AP3) and also at 1 km
(SMAP_AP1) [26].

The SMAPL2 is a radiometer-only based SSM product derived directly from the SMAP Level-1C TB

(L1CTB) product in a 36 km Equal-Area Scalable Earth Grid 2.0 (EASEv2) grid. To obtain the SMAPL2
from the L1CTB, the Single Channel Algorithm at vertical polarization (SCA-V) is used [27]. In addition
to SSM and TB observations, the ancillary data required to apply the retrieval algorithm is included
in the product, namely surface temperature, vegetation opacity, vegetation single scattering albedo,
surface roughness, land cover information, soil texture, together with data flags for identification of
land, water, precipitation, radio frequency interference, urban areas, mountainous terrain, permanent
ice, snow, and dense vegetation [27–29].

The SMAPL2_E is derived from the SMAP Level-1C TB Enhanced (L1CTB_E) product and contains
SSM and TB data, which are previously interpolated using Backus-Gilbert at TB level. This optimal
interpolation technique takes advantage of the SMAP radiometer oversampling to generate an enhanced
version of the TB that is posted on a 9 km grid. The SCA-V is applied to these TB data to obtain the
SSM retrievals [30].

The SMAP_AP is generated by merging the SMAP radiometer with Sentinel 1A/1B data through a
recently developed active/passive downscaling Algorithm [12] (1). It allows to disaggregate the SMAP
TB from a resolution of 36 km to 3 km or 1 km (depending on filtering speckle noise) [31].

TBp

(
Mj
)
=

⎡⎢⎢⎢⎢⎣TBp(C)

TS
+ β′(C)·

{[
σpp
(
Mj
)
− σpp(C)

]
+ Γ·
[
σpq(C) − σpq

(
Mj
)]}⎤⎥⎥⎥⎥⎦·Ts (1)
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where M (medium) and C (coarse) are the different spatial resolutions at which the variables are used,
Ts is the land surface temperature, β′ is the active-passive microwave covariation parameter [12],
σpp and σpq are the radar backscatter with co-pol and cross-pol, respectively, and Γ represents the
vegetation heterogeneity within a pixel with C resolution. The SSM at 3 km (or 1 km) is retrieved after
applying the SCA-V to the disaggregated TB.

Descending orbits (06:00 am) of all the SMAP products were used in this study, since they have
the same local time of ascending orbits of the SMOS products.

2.1.2. BEC SMOS Products

The SMOS satellite was launched in November 2009, and it is the second Earth observation
mission of ESA’s Living Planet program [32,33]. After 10 years in orbit, many studies have contributed
to understand and improve the quality of SMOS soil moisture products. This mission was designed
to observe both soil moisture and ocean salinity, as required by climatological, meteorological,
hydrological, and oceanographic applications. The SMOS instrument, the Microwave Imaging
Radiometer with Aperture Synthesis (MIRAS), is the first L-band (1.4 GHz) interferometric radiometer
on space. It provides global views of the Earth at multiple incidence angles (from 0◦ to 65◦) with a
spatial resolution of 35–40 km and a temporal resolution of 3 days [34].

The SMOS Level 3 (L3) and 4 (L4) SSM products used in this study are provided by the BEC [35],
an ESA Expert Support Laboratory (ESL) of SMOS L1 and L2 ocean salinity. The BEC SMOS L3 SSM
product (SMOSL3) is generated directly from the L2 SSM after discarding invalid retrievals by means
of applying quality filters to each grid point. Later, a weighted average based on a data quality index
is used to bin the data from the Icosahedral Snyder Equal Area (ISEA) to the 25 km EASEv2 grid [22].

The BEC SMOS L4 SSM (SMOSL4) product is derived from the SMOSL3 using a semi-empirical
downscaling algorithm (2) which links the SSM with the TB, a vegetation index, and the LST [20,21]

SSM = b0 + b1·LST + b2·NDVI +
b3

3
·

3∑
i=1

TBHθi +
b4

3
·

3∑
i=1

TBVθi (2)

where TBH and TBV are the TB at horizontal and vertical polarizations, respectively, at three different
incidence angles (32.5◦, 42.5◦, and 52.5◦). The b parameters represent the downscaling factors associated
to each variable. The downscaling is applied daily and the resulting L4 SSM maps are posted on the
MODIS 1 km grid.

Ascending orbits (06:00 am) were selected for all the SMOS products used in this study.

2.1.3. REMEDHUS Network

The Soil Moisture Measurements Station Network of the University of Salamanca (REMEDHUS)
is an in situ network located in the central part of the Duero basin (41.1◦ to 41.5◦N; 5.1◦ to 5.7◦W).
It contains 20 soil moisture monitoring stations that provide information at different depths (here we
are using exclusively the topsoil data at 5 cm depth), and four automatic weather stations that measure
precipitation, air temperature, relative humidity, wind speed, and solar radiation [36]. These stations
are located within a nearly flat area of 1300 km2 in a semi-arid Continental-Mediterranean agricultural
region. This area receives an average annual precipitation of 385 mm, and it has a mean temperature of
12 ◦C [37]. Most of the region is dedicated to grow rainfed cereals, as shown in Figure 1. Other land
uses within this area: irrigated crops, fallow, vineyards, or forest-pasture. The stations record the SSM
data every hour, aggregated to a daily average [38] for this study.
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Figure 1. CCI land cover map (at 300 m) over the Iberian Peninsula (left) and a close-up of the
REMEDHUS area (right). Black dots depict the 20 in situ SSM stations of the REMEDHUS network
available for the study period (from April 2015 to December 2017). The distribution of the land cover
within the REMEDHUS area is: agriculture, 95.45% (cropland, 75.44%; irrigated, 16.11%; other, 3.90%);
forest, 2.70%; grassland, 0.63%; wetland, 0%; settlement, 0.26%; and other, 0.95%.

2.2. Ancillary Data

Climate Change Initiative: Land Cover

The ESA Climate Change Initiative (CCI) program includes a variety of biological, physical,
and chemical variables known as ECV. Here the CCI land cover (LC) is used, which provides
information of the geographical distribution of global land cover at a resolution of 300 m [39,40].
The CCI LC from year 2015 will be used in this study to characterize the dominant land cover within
each SMOS/SMAP pixel. Minimal differences were observed on the CCI LC over the study region
during the period 2013–2017.

3. Methodology

3.1. Statistical Analysis of SSM Time Series at the Network Scale

Ground-based SSM measurements from REMEDHUS have been selected as a benchmark for a
cross-validation of the multi-scale remotely sensed SSM products. REMEDHUS stations were placed by
the Water Resources Research group of the University of Salamanca (responsible for the maintenance
of the network) in areas in which the land use, during the years from 2015 to 2017, were the following:
fallow, rainfed, forest-pasture, vineyard and irrigated. A thorough analysis of the 20 operational in
situ stations available during the study period and their comparison to satellite data was performed.
For the sake of clarity and simplicity, in this work we will focus on 11 of them (see Table 2). They cover
the five land uses -and therefore allow studying the impact of land use on the downscaling products-
and also provide a good spatial representation when averaged at the network scale.

In this first step of the analysis, we used the data provided by six stations (H13, H9, J3, K13, N9,
and O7) representative of the five different land uses over the REMEDHUS network. The SMAP and
the SMOS time series of the pixels overlapping these stations have been statistically evaluated with the
in situ SSM at two spatial levels, at low resolution (from 9 km up to ~40 km) and at high resolution
(3 km and 1 km). Performance metrics, such as the Pearson’s correlation (R), the root mean square
error (RMSE), the unbiased root mean square error (uRMSE) and the bias, together with the number of
available samples (N), have been computed for each station-pixel pair. These performance metrics
have been calculated exactly as described in [41].
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Table 2. Land use of the region where 11 in situ stations, of the REMEDHUS network, were located,
Figure 2015. 2016, and 2017 (provided by the Water Resources Research group of the University of
Salamanca). The land uses are: fallow (F), rainfed (R), forest-pasture (FP), vineyard (V), irrigated (I).

H13 H9 J3 K13 N9 O7 F11 J12 J14 K10 M9

2015 F FP V I R R R R R R R

2016 F FP V I R F F F F F F

2017 F FP V I R R R R R R R

Since rainfed is the most common land cover type within the REMEDHUS area (see Figure 1),
the second step of the analysis consisted in reproducing the same statistical evaluation, but using only
the dataset of the stations located over rainfed/fallow land uses (F11, H13, J12, J14, K10, M9, and O7).
The average value of all these rainfed/fallow stations were compared to the average of the respective
SMAP and SMOS pixels covering these stations.

Additionally, statistical scores have been obtained for all seasons (DJF: December, January,
February; MAM: March, April, May; JJA: June, July, August; SON: September, October, November).
This analysis is needed to evaluate whether the precision (R), accuracy (bias) and quadratic errors
(RMSE/uRMSE) of the studied products/methodologies have any seasonal dependence.

3.2. Analysis of the SSM Spatial Patterns

To consistently analyze the spatial features of the SMAP and SMOS SSM maps at 1 km, their maps
of daily differences were computed (SMAP_AP1 minus SMOSL4) along the entire study period and the
histogram of these daily SSM difference maps has been obtained, together with its mean and standard
deviation (std). In addition, daily SSM difference maps have been temporally averaged and compared
to the spatial distribution of the most common land cover types over the Iberian Peninsula.

Besides, taking into account different ancillary data (e.g., soil roughness, vegetation indices, skin
temperature, or albedo) [24], high-resolution SMAP and SMOS SSM maps are derived from their
respective TB, as described in Sections 2.1.1 and 2.1.2. However, there are noteworthy differences
related to TB polarizations and incidence angles. While the SMAP disaggregation methodology in (1)
uses one specific polarization (vertical) with a single incidence angle (40◦), the SMOS downscaling
algorithm in (2) employs two polarizations (horizontal and vertical), and the average of three incidence
angles (32.5◦ ± 5◦, 42.5◦ ± 5◦, and 52.5◦ ± 5◦) over the same target. To analyze the influence of TB data
on the high-resolution SSM maps, the vertical SMAP L1C TB has been compared to the vertical SMOS
L1C TB at the Earth’s surface, using exclusively the central SMOS angle (42.5◦). To do so, the SMOS
TB has been corrected by the geometry of the antenna, the ionospheric and atmospheric effects,
linearly interpolated to the angles range 42.5 ± 5◦ and binned to a 25 km EASEv2 grid. The SMAP
TB has been interpolated from the initial 36 km EASEv2 to the same grid of SMOS, using the nearest
neighbor. Then, daily differences (SMAP minus SMOS TB) have been computed from April 2015 to
December 2017. The coastal areas of the Iberian Peninsula were discarded to screen out the effect of
sea-land contamination.

A low- vs. high-resolution study has also been performed to assess the variations, in volumetric
units, between the original and the downscaled SSM maps of the same sensor. In this way, we assessed
the impact of the different downscaling methods on spatial soil moisture patterns. To do this,
coarse-resolution SMAP and SMOS maps were firstly interpolated to a 1 km grid using the nearest
neighbor. The comparison was done by separately calculating the daily differences between the
SMAP_AP1 and the SMAPL2 maps, as well as the daily differences between SMOSL4 and SMOSL3
maps along the entire study period.
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4. Results

4.1. Statistical Analysis of SSM Time Series at the Network Scale

Interestingly, SMAP and SMOS satellite products agree reasonably well among them, capturing
the marked wet up and dry down variations along time. Nevertheless, a strong dependence of results
from comparison to in situ on land use is found. Both, SMAP and SMOS products are overestimating
the in situ measurements in vineyards (Figure 2a). Instead, satellite data underestimate the in situ SSM
for irrigated crops (Figure 2b), while they almost match up with in situ observations for fallow/rainfed
crops (Figure 2c), which are the most common land uses in the REMEDHUS area.

 

a) 

b) 

c) 

Figure 2. Daily evolution of the in situ SSM (black) and the three low-resolution (radiometer-only) SSM
(SMAPL2_E, red; SMAPL2, green; and SMOSL3, blue) at three REMEDHUS stations with different land
use: (a) J3 (vineyard), (b) K13 (irrigated), and (c) O7 (rainfed/fallow).
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The statistics derived from the temporal inter-comparison of low-resolution SSM products with
in situ data using all the concurrent samples available for each dataset are summarized in Table 3.
Comparing the different instruments, results show that the two SMAP products have the same or a
slightly higher correlation (ΔR ≤ 0.12) and similar unbiased errors (ΔuRMSE ≤ 0.01 m3/m3) than the
SMOS product in all the study cases. There are no significant differences between the metrics obtained
for the SMAP SSM (9 km vs. 36 km). Regarding the different land uses, the worst results were obtained
for K13, an irrigated station, with a R (and a bias) of 0.46 (and −0.142 m3/m3) for SMAPL2_E, 0.48
(−0.143 m3/m3) for SMAPL2, and 0.46 (−0.183 m3/m3) for SMOSL3. Besides, the uRMSE of K13 is twice
as high the objective accuracy of both space missions (SMOS and SMAP). This underperformance
probably comes from the fact that irrigated land is not the most representative land use within the
low-resolution SMAP/SMOS pixels, which is mostly covered by rainfed crops (see Table 4). On the
contrary, the best results are obtained for the stations located over rainfed/fallow land cover (H13 and
O07), with a R between 0.79 and 0.83 for both SMAP products (SMAPL2_E and SMAPL2), and between
0.70 and 0.80 for SMOS. Their bias is low, between 0.027 and 0.035 m3/m3 for SMAP, and between
0.004 and 0.068 m3/m3 for SMOS, in absolute values. The uRMSE of these two stations are around
0.04–0.05 m3/m3, meeting or almost meeting required accuracy of both missions. In the case of
vineyards (J03), intermediate results are obtained. The highest R is obtained for two SMAP products
(0.85), but a high R is also obtained for SMOSL3 (0.73). The uRMSE is very similar (from 0.045 to
0.048 m3/m3). However, the bias of J03 is similar for SMOSL3 (0.057 m3/m3), but the SMAP ones are up
to two or three times higher (0.106 and 0.103 m3/m3) than the aforementioned ones for rainfed/fallow.
At these spatial scales, the number of available samples of SMAP and SMOS with in situ samples are
of the same order (around 500 days), ensuring a robust statistical analysis.

Table 3. Statistics obtained from the comparison of in situ SSM against the concurrent low-resolution
(radiometer-only) pixels SSM time series: of SMAPL2_E (left), SMAPL2 (center) and SMOSL3 (right),
from April 2015 to December 2017. The in situ stations used (and their respective land use) are: H13
(fallow), H9 (forest-pasture), J3 (vineyard), K13 (irrigated), N9 (rainfed) and O7 (rainfed/fallow).

In situ vs. SMAPL2_E In situ vs. SMAPL2 In situ vs. SMOSL3

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

H13 540 0.83 0.052 0.044 −0.028 492 0.83 0.056 0.044 −0.035 497 0.80 0.086 0.052 −0.068
H09 524 0.64 0.136 0.075 −0.114 506 0.62 0.137 0.077 −0.113 504 0.58 0.167 0.081 −0.146
J03 550 0.85 0.115 0.046 0.106 537 0.85 0.112 0.045 0.103 516 0.73 0.075 0.048 0.057
K13 502 0.46 0.166 0.086 −0.142 483 0.48 0.167 0.086 −0.143 510 0.46 0.201 0.083 −0.183
N09 502 0.67 0.087 0.052 −0.069 536 0.65 0.076 0.055 −0.052 512 0.60 0.117 0.057 −0.102
O07 490 0.79 0.048 0.038 0.030 486 0.79 0.047 0.038 0.027 510 0.70 0.048 0.048 0.004

Table 4. Percentage of rainfed and irrigated croplands (the two most common land covers over the
REMEDHUS network) within the SMOS and SMAP pixels (36 km, 25 km, 9 km, 3 km and 1 km)
enclosing the in situ stations J3 (vineyard), K13 (irrigated) and O7 (rainfed/fallow).

J3 (Vineyard) K13 (Irrigated) O7 (Rainfed/Fallow)

Rainfed (%) Irrigated (%) Rainfed (%) Irrigated (%) Rainfed (%) Irrigated (%)

SMAPL2 (36 km) 67.81 20.83 80.27 17.26 67.97 24.68
SMOSL3 (25 km) 61.06 30.51 92.54 6.47 61.06 30.51
SMAPL2_E (9 km) 39.71 52.16 93.08 6.66 68.69 23.27
SMAP_AP3 (3 km) 43.80 42.98 79.55 20.45 66.94 33.06
SMOSL4 (1 km) 56.25 43.75 68.75 31.25 75.00 25.00

When analyzing the metrics derived from the validation of SMAP and SMOS at high resolution
(see Table 5), the irrigated station K13 keeps showing the worst results as in the low-resolution case:
a R (and a bias) of 0.45 (−0.142 m3/m3) for SMAP_AP1, 0.51 (−0.129 m3/m3) for SMAP_AP3, and 0.42
(−0.186 m3/m3) for SMOSL4. This indicates that irrigated areas are not even spatially representative at
the scales of 3 km to 1 km, which denotes the small extent of these areas within the satellite footprint
(see Table 4).
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Table 5. Statistics obtained from the comparison of in situ SSM against the concurrent high-resolution
pixels SSM time series: of SMAP_AP1 at 1 km (left), SMAP_AP3 at 3 km (center) and SMOSL4 at 1 km
(right), from April 2015 to December 2017. The in situ stations used (and their respective land use) are:
H13 (fallow), H9 (forest-pasture), J3 (vineyard), K13 (irrigated), N9 (rainfed) and O7 (rainfed/fallow).

In Situ vs. SMAP_AP1 In Situ vs. SMAP_AP3 In Situ vs. SMOSL4

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

H13 100 0.81 0.062 0.040 −0.048 100 0.86 0.046 0.038 −0.025 489 0.80 0.089 0.045 −0.076
H09 96 0.56 0.164 0.086 −0.139 96 0.60 0.155 0.084 −0.131 443 0.59 0.175 0.079 −0.156
J03 98 0.70 0.093 0.046 0.081 98 0.83 0.121 0.043 0.114 513 0.72 0.085 0.054 0.066
K13 97 0.45 0.172 0.097 −0.142 97 0.51 0.156 0.088 −0.129 493 0.42 0.205 0.085 −0.186
N09 101 0.45 0.120 0.071 −0.097 101 0.57 0.101 0.058 −0.082 503 0.63 0.119 0.056 −0.105
O07 98 0.66 0.076 0.063 0.042 99 0.78 0.076 0.050 0.056 501 0.71 0.047 0.047 −0.001

Similarly, the best results are obtained for the stations H13 and O07, with R between 0.66 and
0.86 for SMAP_AP1 and SMAP_AP3, and between 0.71 and 0.80 for SMOSL4. The lowest bias is
precisely observed in H13 and O07, ranging between 0.025 and 0.056 m3/m3 for SMAP, and from 0.001
to 0.076 m3/m3 for SMOS, in absolute values. Again, the reason for that is the predominance of rainfed
crops and fallow regions over REMEDHUS (see Table 4). Therefore, both satellites mostly see the land
cover types leading to a cover-characteristic signal at low- as well as at high-resolution. As previously
observed in Table 3, the metrics for vineyard are in a well acceptable range. On the one hand, taking
into account both SMAP and SMOS, R varies between 0.70 and 0.83, and the uRMSE is always around
0.04–0.05 m3/m3. On the other hand, the bias of J03 is doubled or even tripled (0.081 and 0.114 m3/m3)
with respect to the stations H13 and O07. All the SMAP and SMOS products are overestimating
the in situ measurements of J03. One reason could be that grapevines are settled on very fine sand,
which causes the water not to be retained and it quickly percolates into deeper layers. Additionally,
the vineyard areas of REMEDHUS are not spatially representative at scales of 1 km and beyond.

Due to the missing synchronization of SMAP and Sentinel-1 acquisition orbits, the number of
samples is much lower in the SMAP_AP1 and SMAP_AP3 (96 to 101 days) than in the SMOSL4 time
series (443 to 513).

Similar statistical scores are obtained for the SMOS products when the same number of samples is
used at high and low resolution, in line with the results obtained in a previous study [13]. When the
same analysis is conducted for the SMAP products, only slightly worst performances are obtained for
the SMAP_AP1 product.

Table 6 shows the statistics obtained between the average SSM values of the stations located over
a rainfed/fallow land use (F11, H13, J12, J14, K10, M9, and O7) and the average of the concurrent SMAP
and SMOS products at high-resolution (see Figure 3). Lower correlations are obtained during summer
season (0.62, 0.64 and 0.65, for SMAP_AP1, SMAP_AP3 and SMOSL4, respectively). This is consistent
with the results of previous studies [13]. Slightly better results are obtained for SMAP in terms of R
(and bias) 0.88 (0.014 m3/m3), against SMOS, 0.79 (0.04 m3/m3) calculated as an average of DJF, MAM,
and SON.

Table 6. Statistics obtained from the comparison of in situ SSM against the high-resolution pixel SSM
of SMAP_AP1 at 1 km (left), SMAP_AP3 at 3 km (center) and SMOSL4 at 1 km (right) from April
2015 to December 2017 for the different seasons of the year and also for the entire study period (ESP).
Statistics are obtained after averaging all-time series of rainfed/fallow stations (F11, H13, J12, J14, K10,
M9 and O7) and the pixels that contain these stations.

In situ vs. SMAP_AP1 In situ vs. SMAP_AP3 In situ vs. SMOSL4

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

N
[-]

R
[-]

RMSE
[m3m−3]

uRMSE
[m3m−3]

Bias
[m3m−3]

DJF 17 0.87 0.056 0.053 0.018 17 0.92 0.060 0.048 0.035 88 0.87 0.056 0.047 −0.031
MAM 22 0.91 0.037 0.033 −0.017 22 0.90 0.027 0.026 −0.008 119 0.72 0.071 0.041 −0.058
JJA 26 0.62 0.037 0.035 −0.012 27 0.64 0.035 0.035 −0.006 128 0.65 0.073 0.030 −0.067

SON 33 0.85 0.034 0.033 0.008 33 0.86 0.034 0.032 0.011 125 0.78 0.052 0.041 −0.032
ESP 98 0.86 0.040 0.040 −0.002 99 0.87 0.039 0.038 0.006 460 0.82 0.064 0.043 −0.048
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Figure 3. Daily evolution of in situ SSM (black) and the three high-resolution SSM products (SMAP_AP1
at 1 km, red; SMAP_AP3 at 3 km, green; and SMOSL4 at 1 km, blue) after averaging time series of
rainfed/fallow stations (F11, H13, J12, J14, K10, M09, and O07) and the pixel time series that contain
these stations.

4.2. Analysis of the SSM Spatial Patterns

The study carried out in the previous section shows a general agreement between the temporal
dynamics of all the considered SSM products regardless of their spatial resolution (low resolution:
~40 km, 9 km vs. high resolution: 3 km, 1 km). However, as it can be seen from the maps shown
in Figure 4, there are clearly visible differences in the spatial patterns attained by the downscaled
SMAP and SMOS high-resolution products. In this section, we examine these differences and conduct
specific analyses to test two hypothesis: (i) that they are due to differences in the multi-sensor synergies
they are built upon (optical-microwave or active-passive) and (ii) that they are due to the rationale of
the approach (e.g., whether the downscaling is conducted in brightness temperature- or in the soil
moisture-space).

(a) (b) 

Figure 4. Temporally-averaged map of daily SMAP (a) and SMOS (b) products at 1 km over the Iberian
Peninsula for the period December 2016 to February 2017.

4.2.1. Comparison of SSM Enhanced Resolution Products

Figure 5 shows the daily differences (map and histogram) between the SMAP and SMOS products
at 1 km (SMAP_AP1 minus SMOSL4) for the whole study period. The mean of these differences
is minimal (of 0.03 m3/m3), less than their target accuracy, and their std is also low (of 0.09 m3/m3).
The same behavior is observed when this study is performed on a year-to-year basis (not shown).
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In addition, we conducted the same analysis per season, and we obtained that daily differences ranged
between 0.03 and 0.04 m3/m3 in mean and from 0.05 to 0.07 m3/m3 in std (not shown). These results
affirm that the differences cannot be explained by seasonal or yearly differences (e.g., dry or wet year).
Yet the temporally-averaged map of daily SSM differences (Figure 5a) reveals that there is a geographic
spatial pattern that persists over time when comparing the two high-resolution products, with higher
differences located in the north, northwest and west of the Iberian Peninsula, in close correspondence
to forested areas (see land cover maps on Figure 6).

 (a) (b) 

Figure 5. (a) Temporally-averaged map of daily SSM differences between SMAP and SMOS at 1 km
(SMAP_AP1 minus SMOSL4) and (b) histogram of daily SSM differences maps, for the period April
2015 to December 2017.

 (a) (b) (c) 

Figure 6. (First row) The three most common land covers types over the Iberian Peninsula (a),
agriculture; (b) forest; and (c), grassland) according to the CCI LC map. (Second row) Histograms of
the daily SSM differences (SMAP_AP1 minus SMOSL4) for the respective land covers.

The possible dependence of the differences between the two downscaled products on the land
cover was further examined. Pixels from the temporally-average map of SSM differences (Figure 5a)
were grouped for the most common land cover classes (agriculture, forest and grassland) and their
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histograms were analyzed (see Figure 6). In general, pixels with SSM differences (SMAP minus SMOS)
equal or above 0.1 m3/m3 are located within forests (66.71% of the pixels) or agriculture (22.47% of the
pixels). The largest SSM differences are observed for forest land cover, with a mean of 0.04 m3/m3 and
a std of 0.11 m3/m3.

Land cover only partially explains the SSM differences between the SMAP and SMOS products
at 1 km. Results show that soil moisture values provided by SMAP over the Iberian Peninsula are
systematically higher than the ones provided by SMOS (see Figure 5), although the absolute difference
is minimal (mean difference of 0.03 m3/m3). The SSM values of SMOS exceed those of SMAP less often
and with lower intensity, but this effect is mostly occurring in coastal areas. The same SSM difference
pattern is found in the temporally-averaged map of daily TB differences (SMAP minus SMOS TB)
shown on Figure 7. Since the spatial pattern is already present at TB level, we can conclude it was not
introduced by neither SMAP nor SMOS downscaling methodologies. Figure 7b shows the histogram
of the daily TB differences, with an absolute mean value of 2.92 K. In order to understand to what
extent, the 2.92 K cold bias could affect SMAP or SMOS SM retrievals, we analyzed Davenport et al.
in [42], who conducted a sensitivity analysis of soil moisture retrieval using the applied tau-omega
microwave emission model. A bias of about 3◦ (K) TB approximately corresponds to 3–4 (vol.%) error
in estimating volumetric soil water content, which would fit to the bias ranges reported in our study.

(a) (b) 

Figure 7. (a) Temporally averaged map of daily TB differences between SMAP (40◦ incidence angle) and
SMOS (42.5◦ incidence angle) at 25 km and (b) histogram of temporally-averaged daily TB differences,
for the period April 2015 to December 2017.

4.2.2. Downscaling Impact on SSM Differences

Figures 8 and 9 show the maps and histograms of daily SSM differences between SMAP_AP1 and
SMAPL2 (1 km vs. 36 km), and between SMOSL4 and SMOSL3 (1 km vs. 25 km), respectively. The mean
(and std) obtained after calculating the differences along the complete study period are −0.01 m3/m3

(0.07 m3/m3) for SMAP, and of ~0 m3/m3 (0.03 m3/m3) for SMOS. Although mean differences are minimal
over the whole domain for both sensors, the resulting average map of the SMAP SSM differences reveal
some underlying spatial patterns. The highest positive differences obtained for SMAP are concentrated
in the forested regions (see Figure 6) and the highest negative differences appear near the coast and in
areas of complex topography. This is possibly due to the reduced sensitivity of the Sentinel 1 signal at
C-band to soil moisture in presence of significant vegetation backscattering. According to [12], this
leads to a decrease in TB after downscaling and therefore to an increase in estimated soil moisture.
Also, the temporally-averaged map of SMOS SSM differences exhibits an underlying boxing effect that
can be explained by the use of SMOS SSM at low-resolution as a reference to obtain the downscaling
parameters of (2), as previously observed in [13,21]. However, this effect is nonetheless negligible and
does not have a significant impact in the enhanced resolution product.
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 (a) (b) 

Figure 8. Temporally-averaged map (a) and histogram (b) of daily SMAP SSM differences (SMAP_AP1
at 1 km minus SMAPL2 at 36 km), for the period April 2015 to December 2017.

 (a) (b) 

Figure 9. Temporally averaged map (a) and histogram (b) of daily SMOS SSM differences (SMOSL4 at
1 km minus SMOSL3 at 25 km), for the period April 2015 to December 2017.

5. Discussion

Validation and comparison of SSM satellite products using in situ networks data is a difficult
task. Many confounding factors can intervene and must be taken into account when interpreting the
obtained results. Importantly for this work, it is essential to understand that the representativeness
of each satellite dataset plays a crucial role when validated. In the case of the SMAP and SMOS
products presented in this study, the data is stored in maps with spatial grid cells of 36, 25, 9, 3,
or 1 km. The information contained in these cells represents an areal-averaged value, while the in situ
measurements represent an isolated data point. Measurements of the most representative (in terms of
land cover within satellite cells) SSM in situ stations have been averaged (as can be seen in Figure 3
and Table 6) to validate the large scale SSM estimates provided by the satellites [37,43]. It is found
that validating satellite-based estimates works best with in situ measurements in locations where the
dominant land cover of the satellite footprint prevails.

Besides the representativeness error due to the comparison of point-scale vs. areal-averaged
measurements, the mismatch between satellite observations and in situ measurements can also be
originated by the penetration depth of microwave frequencies at L-band, which is of 5 cm on average
but also depends on the soil moisture content itself (with greater penetration on drier soils) [3].
In contrast, measurements of the REMEDHUS network probes are placed at a depth of 5 cm. This could
be one of the reasons explaining the low correlations obtained under water-limited conditions (see
Table 6 for JJA), when the soil surface dries out and therefore in situ sensors might measure slightly
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wetter values than satellites. Moreover, the surface temperature used in SMAP and SMOS retrievals
is derived from models. While the SMAP surface temperature is derived from the NASA GEOS-5
model, the SMOS surface temperature is obtained from the ECMWF model. An underestimation
of the surface temperature leads to an overestimation of the soil emissivity and, as a result, to an
underestimation of the SSM. This could explain the dry bias shown by the SMAP and the SMOS
products with respect to the most representative in situ stations in REMEDHUS. Our results are in line
with previous studies which have also reported this dry bias when comparing the SSM SMOS products
(at high and low-resolution) against the in situ data provided by VAS (Spain), SMOSMANIA (France),
and OzNet (Australia) networks [13,21,44]. In Figure 2 SMOS soil moisture estimates with a very low
value close to zero can be found, mostly during the summer periods. These values have not been
filtered in this study, as the product quality flags do not report they are measurement errors. However,
we conducted specific tests and confirmed that they do not affect our overall conclusions (not shown).

Some differences between the SMAP and the SMOS products are intrinsic to the instrument they
carry; while SMOS uses an interferometric radiometer with 69 receivers distributed on an Y-shaped
antenna array and measurements at different incidence angles are obtained in each snapshot, SMAP
uses a large rotating antenna and measurements are performed at a constant incidence angle of
40◦. On the other hand, the SSM retrieval algorithms have been tailored to the SMAP and SMOS
instrument characteristics, and they involve the use of dedicated techniques to reduce or correct
disturbing factors (e.g., surface roughness, soil temperature and vegetation canopy). In a global
study conducted by Mariko et al. [45] the SMAP SSM was compared against the one provided by
SMOS, Aquarius, Advanced Scatterometer (ASCAT) and Advanced Microwave Scanning Radiometer
2 (AMSR2). Overall, they found that SMAP and SMOS appeared to be the most similar among the five
SSM products, in terms of uRMSE and R, excluding forested areas where some discrepancies were
found, with SMOS being generally slightly wetter than SMAP. For the particular case of the Iberian
Peninsula, which is mostly covered by crops and forested areas, we showed that SMAP is generally
wetter than SMOS. Although differences are minor, we showed they are already present at the TB level
(see Figure 7), and are also translated to the SMOS and SMAP derived products at enhanced spatial
resolutions (see Figure 5). Mariko et al. [45], indicate that a highly potential cause of the mismatch
between the SMAP and the SMOS products is the use of different ancillary data in the retrieval
algorithm. Although both algorithms are based on the tau-omega model they use different land cover
maps to select the albedo, roughness coefficient and the vegetation opacity; SMAP uses the International
Geosphere Biosphere Program (IGBP) [46], and SMOS uses the ECOCLIMAP [47]. This could explain
the differences observed between the original SMAP and the SMOS products (~40 km), but also
between the satellite observations and the in situ measurements along the whole study.

Focusing on the enhanced resolution SSM products, they allow us to develop applications that
will otherwise not be possible using exclusively SMAP and SMOS products in their original resolutions
(~40 km). However, we showed that even the higher resolutions (3 and 1 km) of SSM maps may not be
completely suitable for local or regional applications if the study area is small and the land cover is
not representative of the SMAP or SMOS pixel to which it belongs (Figure 2a,b). In [48], Merlin et al.
proposed a performance metric for soil moisture downscaling methods and it was applied to the 1 km
disaggregation based on physical and theoretical scale change (DISPATCH) data in central Morocco.
They showed that disaggregation applied to irrigated areas surrounded by drylands reduced the
negative bias in SMOS observations at 1 km with respect to in situ data, but was not yet fully able to
solve the sub-pixels variability in soil moisture. The scientific contribution of the downscaled SMAP
and SMOS products is undeniable, adding value in a wide range of applications, such as the prevention
management of insect pests [6], the prevention of forest fires [7,8] and the early detection of wild
fires [9], but further improvements are needed to reduce the uncertainties when merging information
from different sensors.
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6. Summary and Conclusions

In this study, several space-borne SSM products (SMAP and SMOS), and their derived products
at enhanced spatial resolution (SMAP/Sentinel-1 and SMOS/ERA5/MODIS) have been compared in
space, and time.

For the temporal comparison, the in situ information of the REMEDHUS network has been
used as a benchmark. In order to study the behavior of the remotely sensed data in different
scenarios, we selected a variety of in situ SSM stations located in areas with different land uses
(fallow, forest-pasture, vineyard, irrigated, and rainfed). We showed that, independently of the spatial
resolution, all the SSM products were able to capture significant rainfall events (e.g., the rainfall event
occurring in January 2016, see Figure 2), and seasonality pattern (summers with low and winters with
high soil moisture values, see Figures 2 and 3). However, even the highest-resolution product used in
this study (1 km) is not fine enough to capture local differences which are not dominant at the pixel
scale, like the small irrigated areas where station K13 is located (see Tables 3 and 5). Consequently,
when comparing the remotely sensed data with REMEDHUS measurements it is crucial to understand
the representativeness of one in situ station within the satellite footprint. In situ SSM measurements
are representative at the point scale and are highly sensitive to both the soil characteristics and the
effects of precipitation. There are multiple strategies to upscale in situ soil moisture measurements
for comparison with satellite-based estimates [49,50]. In this study, we have decided to average the
SSM values of the most representative (in terms of prevailing land cover) in situ stations within the
satellite footprint. One of the best results when comparing low-resolution as well as high-resolution
SMAP/SMOS-based estimates against the in situ measurements, are obtained for the stations H13 and
O07, which are located in regions with rainfed or fallow land use (the most common land uses in
REMEDHUS). On the contrary, the worst results were obtained over stations J3 (vineyard) and K13
(irrigated), which represent only a minor land cover fraction within the footprints (see Table 4).

Statistically, the differences between the SMAP and SMOS products are considerably low, e.g.,
at low-resolution, for the station H13 the correlation (and the unbiased error) are 0.83 (0.044 m3/m3) for
SMAP (SMAPL2_E), 0.8 (0.052 m3/m3) for SMOS (SMOSL3); at high-resolution these statistics are 0.81
(0.04 m3/m3) for SMAP, and 0.8 (0.045 m3/m3) for SMOS. From Figure 3 and Table 6 it can be seen that
both SMOS and SMAP have a slightly worst performance in terms of correlation (~0.6) during the
summer season. In addition, SMOS shows an important bias (−0.067 m3/m3) in this period.

Concerning the spatial analysis, the high-resolution (downscaled) SMAP (passive/active) and
SMOS (passive/optical) products have been compared across the Iberian Peninsula. Overall, SMAP
is slightly wetter than SMOS, especially in the north, northwest, and west of the Iberian Peninsula.
These differences are more pronounced over forested areas, which may be due to the fact that the
microwave (radar) signal at C-band used in the SMAP product is not able to penetrate through dense
(forested) vegetation [12,51]. Moreover, the differences between the two products can also be seen at
the brightness temperature level and therefore are not introduced by the downscaling methodology.

This satellite inter-comparison study has provided and confirmed insights into the SMOS and
SMAP multi-scale SSM products that are currently operational. These products are required in a wide
spectrum of application and research studies, generally at the best radiometric accuracy and spatial
resolution possible. Over the Iberian Peninsula, we showed that all products generally agree in their
temporal dynamics, with lowest performances in summer, and SMAP-derived products being wetter
than SMOS ones. Yet some differences in spatial patterns are observed in the high-resolution products,
linked to the fine-scale information they use and the multi-sensor synergies employed, especially
in forested areas. In future studies, the presented analysis can be extended to other regions of the
world that have a sufficiently dense soil moisture network to establish reliable estimates at multi-scale
resolutions. Also, the proposed spatio-temporal analyses can be widened to global scales with the use
of sparse in situ networks.
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Abstract: In this study, six satellite-based root zone soil moisture (RZSM) estimates from March
2015 to December 2016 were evaluated both temporally and spatially. The first two were the Soil
Moisture Active Passive (SMAP) and the Soil Moisture and Ocean Salinity (SMOS) L4 RZSM products.
The other four were obtained through the Soil Water Index (SWI) approach, which embedded surface
soil moisture (SSM). The SMOS-Barcelona Expert Center (BEC) L4 SSM product and the apparent
thermal inertia (ATI)-derived SSM from the Moderate Resolution Imaging Spectroradiometer
(MODIS) data were used as SSM datasets. In the temporal analysis, the RZSM estimates were
compared to in situ RZSM from 14 stations of the Soil Moisture Measurements Station Network
of the University of Salamanca (REMEDHUS). Regarding the spatial assessment, the resulting
RZSM maps of the Iberian Peninsula were compared between them. All RZSM values followed the
temporal evolution of the ground-based measurements well, although SMOS and MODIS showed
underestimation while SMAP displayed overestimation. The good results obtained from MODIS
ATI are notable, notwithstanding they were not estimated through microwave radiometry. A very
high agreement was found in terms of spatial patterns for the whole Iberian Peninsula except for the
extreme north area, which is dominated by high mountains and dense forests.

Keywords: soil moisture; root zone; SMAP; SMOS; MODIS

1. Introduction

L-band radiometry is the most established technique for remotely measuring soil moisture.
Currently, there are two L-band missions in orbit specifically designed to globally monitor soil moisture:
the Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active Passive (SMAP). SMOS,
launched in 2009 by the European Space Agency (ESA), uses a synthetic aperture radiometer with a
spatial resolution of ~35–50 km to provide global soil moisture maps every three days [1]. The Centre
Aval de Traitement des Données SMOS (CATDS) provides several soil moisture products (L2, L3,
and L4), which are processed with the algorithms developed by the Centre d’Etudes Spatiales de la
Biosphere (CESBIO). In 2015, the National Aeronautics and Space Administration (NASA) launched
SMAP. It currently employs a real aperture radiometer with ~40 km resolution to retrieve soil moisture
maps with a three-day revisit time [2].

While these remote sensing sensors provide soil moisture data at coarse spatial resolutions, a
growing number of applications require knowledge of soil moisture at regional or local scales (from a
few kilometers down to several meters). To overcome this challenge, some soil moisture disaggregation
approaches have been developed, such as those based on the synergy of passive microwaves with
ancillary optical visible/infrared (VIS/IR) [3–6] or active data [7]. Optical data have also been used to
indirectly estimate soil moisture [8]. For instance, methods based on apparent thermal inertia (ATI)
to estimate soil moisture rely upon the fact that wet soils have a higher thermal inertia and a lower
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temperature fluctuation than dry soils. When soil moisture increases, ATI proportionally increases as
well, and there is a short-term reduction in the diurnal land surface temperature (LST) range [9–13].

A main drawback of the L-band observations is that although they have larger penetration than
those at higher microwaves (S-, C-, X-, or K-bands), they explore approximately 0–5 cm of the topsoil
layer, sensing only surface soil moisture (SSM). However, an increasing number of hydrological and
agricultural applications require root zone soil moisture (RZSM) information from the soil profile
(0–1 m depth), where plant roots develop [14,15]. Additionally, the SSM may not have significant
influence in the soil water availability for plants and crops. For this reason, the RZSM is expected to
better reflect the actual soil water content storage of the unsaturated zone than the SSM.

There are several methods for obtaining RZSM. One method comprises in situ soil moisture
measurements made at the root zone using probes installed either at a specific depth required or along
the whole soil profile. In this regard, although neutron attenuation probes were extensively used in
the past, sensors based on the soil dielectric constant—capacitance, Frequency Domain Reflectivity
(FDR) and Time Domain Reflectivity (TDR) probes—are now being employed in many networks
worldwide [16]. Another method involves using cosmic-ray soil moisture probes. These innovative
and noninvasive sensors have been implemented in the Cosmic-ray Soil Moisture Observing System
(COSMOS) network [17,18]. The cosmic-ray sensors are placed above the soil surface, but its effective
soil measurement depth varies from 12 cm for wet soils to 76 cm for dry soils [19]. Nevertheless, only
a limited number of current networks of the International Soil Moisture Network (ISMN) provide
RZSM compared to the great amount that provide SSM. Another method relies on the use of Ground
Penetration Radar (GPR) measurements. In this case, the GPR sensor can be mounted on a vehicle
close the soil surface or an airplane to measure soil moisture during experimental field campaigns.
The GPR does not require direct contact with the soil, but its signal can penetrate from one meter to
several tens of meters [20]. The last method consists of estimating RZSM through more or less complex
models that have this variable as the output.

The models used to estimate RZSM can be classified into two main groups: the so-called
land-surface models and the hydrological models. They differ in the detail of description of processes
that are taken into account, the parameter estimation approaches, and the spatiotemporal resolutions.
Land-surface models describe the vertical exchanges of heat, water, and carbon considering the
land-atmosphere couplings and are globally applied. Hydrological models are instead more focused
on water resources, are traditionally applied at the basin level, and usually have many parameters that
need to be calibrated or estimated regionally [21]. Different data assimilation techniques are used in
the two cases to incorporate SSM to them [22–24]. Originally, the assimilated SSM data to estimate
RZSM had been measured in situ [25,26], but a variety of satellite SSM data have been assimilated
in the last decade [27–29]. In the case of SMAP and SMOS missions, two operational satellite-based
RZSM products have recently been developed from the assimilation of SSM measurements into their
respective land-surface models [30,31].

The Soil Water Index (SWI) is one of the most common models used to estimate RZSM through
SSM remote sensing [32]. This simple model has been able to successfully obtain RZSM over regions
with different climatic and soil conditions. Apart from SSM measurements, the SWI requires only
an input exponential parameter (T), which is related to the transfer time of water along the soil
profile. The T parameter had been calculated in different ways depending on the application, study
area, and sensor used [33]. The SWI has been applied to in situ SSM databases in several studies
to obtain field scale RZSM [34–36] as well as to active and passive SSM observations to generate
several satellite-based RZSM estimates, such as those derived from the European Remote Sensing
(ERS) scatterometer [37], the Advanced Scatterometer (ASCAT) [38–40], the Advanced Microwave
Scanning Radiometer-Earth Observing System (AMSR-E) [39,41], the SMOS [42,43], and the Climate
Change Initiative (CCI) soil moisture database [41,44].

The aim of this work was to evaluate six RZSM estimates obtained from SMAP, SMOS,
and Moderate Resolution Imaging Spectroradiometer (MODIS) from 31 March 2015 to 31 December

242



Remote Sens. 2018, 10, 981

2016. The study period (one year and nine months) is limited at the beginning by the SMAP launch
and at the end by the availability of two SMOS soil moisture products—the SMOS-CESBIO L4 RZSM
and the SMOS-Barcelona Expert Centre (BEC) L4 SSM. The first two RZSM estimates came from the
SMAP and the SMOS-CESBIO L4 RZSM products. The other four RZSM estimates were customized
products generated after applying the SWI model to two SSM datasets—the SMOS-BEC L4 SSM
and the MODIS ATI-derived SSM—together with two alternatives for calculating the exponential
T parameter of the SWI. Presently, some studies devoted to validate SMAP and SMOS RZSM have
been published, but none have been made validating both RZSM products at the same network or
showing an intercomparison between them over the same study area, including a RZSM estimation
based on ATI. Thus, the present work will constitute a novelty within this research line. In this study,
all satellite-based RZSM estimates were analyzed both temporarily and spatially. For the temporal
analysis, the RZSM estimates were compared against in situ RZSM measurements from 14 stations
of the Soil Moisture Measurements Station Network of the University of Salamanca (REMEDHUS).
The spatial analysis was based on comparisons of RZSM maps from all the analyzed estimates over
the entire Iberian Peninsula (~582,000 km2), an area of contrasting environments in both wet and
dry periods.

2. Data and Methodology

2.1. REMEDHUS Soil Moisture

REMEDHUS is a soil moisture network located in the central part of the Duero basin in Spain and
covering an area of approximately 1300 km2 (41.1–41.5◦N, 5.1–5.7◦W). This region has a continental
semiarid Mediterranean climate characterized by a clear water deficit, especially during summer.
The location of the network was chosen precisely for these criteria, i.e., to monitor crop behavior under
the water-limited conditions and over land covers representative of the region. In REMEDHUS, the
main land use is agricultural, with rainfed crops such as cereals, legumes, and vineyards. These crops
are adapted to the scarcity of water because most of them are fed only by precipitation, which is
approximately 381 mm/year on average [45]. The soils are mainly sandy, leading to a limited water
holding capacity.

Two sensor types are installed in REMEDHUS. First, there are 22 stations measuring SSM (0–5 cm)
using Hydra Probes (Stevens Water Monitoring, Inc., Portland, OR, USA). Out of the 22 stations,
14 also measure soil moisture along the soil profile using EnviroSMART (Sentek Pty. Ltd., Stepney,
SA, Australia) sensors deployed at 25, 50, and 100 cm depths. These depth levels ensure a complete
measurement of the soil moisture at the root zone in the area [43].

For the assessment of the ATI-derived SSM, the in situ SSM data provided by all 22 stations in
REMEDHUS were used. For the analysis of the RZSM estimates, the soil moisture observations at
surface and root zone level from the 14 stations were used. Since the observations are on an hourly
basis, soil moisture measurements at each station were first daily averaged. A representative estimate
of in situ RZSM was obtained for each station by averaging the daily soil moisture measurements at
the different depths (5, 25, 50, and 100 cm).

2.2. SMAP L4 Soil Moisture

Among the variety of SMAP products available, the global SMAP L4 soil moisture geophysical
data over a 9-km Equal-Area Scalable Earth (EASE)-2 grid [46] were selected. The SMAP brightness
temperature—originally at coarser resolution—was downscaled to 9 km using the Backus-Gilbert
optimal interpolation. The SMAP L4 soil moisture was derived by assimilating this brightness
temperature into the NASA catchment land-surface model, which interpolates and extrapolates
the SMAP observations in time and in space [47]. The NASA model describes the vertical transfer of
soil moisture between the surface and the root zone, built on a set of Richard’s equation calculations
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under unsaturated conditions. This model is driven by observation-based surface meteorological
forcing, including precipitation [30].

The SMAP L4 product provides SSM (0–5 cm) and RZSM (0–100 cm) estimations at a 3 h temporal
resolution. In this study, the area corresponding to the Iberian Peninsula (34◦N–45◦N, 11◦W–5◦E) was
clipped from the global SMAP L4 soil moisture maps. The resulting maps of SSM and RZSM were
daily averaged.

2.3. SMOS Soil Moisture

2.3.1. SMOS-CESBIO L3 Surface Soil Moisture

The global SMOS L3 SSM product over a 25-km EASE-2 grid was used. The SMOS L3 processor
of CESBIO [48] uses the same physically based forward model as the L2 processor [49], with only
minor differences that are mainly related to the gridding system. The L3 SSM retrievals are obtained
from the SMOS L1C v.620 brightness temperature. On a given day, the L3 algorithm processes several
orbits in the same loop. Later, filtering is applied to select the best estimate when several retrievals are
available for the same pixel. Therefore, this product is a daily composite of filtered and binned SMOS
SSM data [50].

The SMOS-CESBIO L3 SSM is disseminated in separated daily ascending and descending orbits.
Similar to the process used for SMAP L4, the area corresponding to the Iberian Peninsula was clipped.
Then, a daily average of the ascending and descending orbit maps was applied.

2.3.2. SMOS-CESBIO L4 Root Zone Soil Moisture

Regarding the current SMOS-derived RZSM products, the global SMOS L4 RZSM at 0–1 m depth
over a 25-km EASE-2 grid was used. These data were obtained from the SMOS-CESBIO L3 SSM (using
a 3-day average SSM) and other ancillary datasets, such as MODIS observations and climate data from
the National Centers for Environmental Prediction (NCEP), among others. The RZSM is computed
using a double bucket hydrological model, which is applied daily. The CESBIO model has two soil
layers (0–40 cm and 40–100 cm). For the first layer, the selected model is the previously mentioned
SWI [32,33]. For the second layer, a water balance model based on a linearized Richard’s equation is
employed [31].

Since the SMOS-CESBIO L4 RZSM is also distributed separately for daily ascending and
descending orbits, the Iberian Peninsula area was clipped from these RZSM maps and a daily average
of the ascending and descending orbits was then performed.

2.3.3. SMOS-BEC L4 Surface Soil Moisture

The cloud-free SMOS L4 SSM product—a disaggregated soil moisture at 1 km over the Iberian
Peninsula—was used. This product is based on a semi-empirical downscaling approach that combines
SMOS and MODIS observations together with data from the European Centre for Medium-Range
Weather Forecasts (ECMWF). The product uses a shape-adaptive moving window to integrate the
SMOS brightness temperature (L1C v.620) and SSM (L2 v.620) at 25 km, the 16-day Terra MODIS
Normalized Difference Vegetation Index (NDVI, MOD13A3 v.5) at 1 km, and the modeled ECMWF Era
Retrospective Analysis (ERA)-Interim LST in a linear linking model [51]. The downscaling algorithm
is applied separately for daily ascending and descending orbits. As with the previous products, the
daily average of ascending and descending data was used.

2.4. MODIS Surface Reflectance and Land Surface Temperature

The daily Aqua MODIS surface reflectance at 500 m (MYD09GA v.6) acquired in bands
1 (620–670 nm), 2 (841–876 nm), 3 (459–479 nm), 4 (545–565 nm), 5 (1230–1250 nm), and 7 (2105–2155 nm)
were used. The MODIS reflectance is measured at ground level in the absence of atmospheric scattering
or absorption and is already corrected for atmospheric gases, aerosols, and thin cirrus clouds [52].
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Regarding the LST, daily Aqua MODIS LST (MYD11A1 v.6) and Terra MODIS LST (MOD11A1
v.6)—both at 1 km spatial resolution—were used. They have an accuracy specification of 1 ◦C under
clear-sky conditions [53].

The three MODIS products are provided into a tile-based sinusoidal projection. The four tiles
corresponding to the Iberian Peninsula (h17v04, h17v05, h18v04 and h18v05) were selected. These four
tiles of the reflectance maps were first mosaicked. The resulting maps were resampled from the
sinusoidal grid to a regular 500 m grid using the nearest neighbor approach. The same processing was
applied to the LST but for a regular 1 km grid. The reflectance in all bands was filtered using their
corresponding flags (land and highest quality). Finally, the reflectance maps at 500 m were aggregated
to the same 1 km grid for the LST using a simple average.

2.5. Estimation of MODIS ATI

The MODIS ATI was computed as the ratio of the daily surface albedo and the diurnal temperature
range [10]:

ATI = C
1 − α

ΔLST
, (1)

where C is the solar correction factor, α is the broadband albedo and ΔLST corresponds to the diurnal
temperature range.

The correction factor C is related to the solar flux and therefore compensates for seasonal variation
in solar insolation. This factor was obtained following the expression [10]:

C = sin ϕ sin δ(1 − tan2 ϕ tan2 δ)
1/2

+ cos ϕ cos δarcos(− tan ϕ tan δ), (2)

where ϕ corresponds to the latitude and δ to the solar declination of each pixel for each Julian day of
the year.

The broadband albedo can be computed in two different spectral ranges—shortwave and visible
in Equations (3) and (4), respectively—from daily Aqua MODIS surface reflectance at 1 km [54]:

αshortwave = 0.160ρ1 + 0.291ρ2 + 0.243ρ3 + 0.116ρ4 + 0.112ρ5 + 0.081ρ7 − 0.0015, (3)

αvisible = 0.331ρ1 + 0.424ρ3 + 0.246ρ4, (4)

where ρ1, ρ2, ρ3, ρ4, ρ5 and ρ7 are reflectance in bands 1, 2, 3, 4, 5 and 7, respectively. These two albedo
approaches were analyzed.

The diurnal temperature range can be approximated in four different ways. The first method
consists of estimating the LST through time as a sinusoid defined by its amplitude, its average
temperature, the angular velocity of Earth, and the phase angle (Ψ) corresponding to the time of daily
maximum LST [11,13], which coincides with the time of highest correlation between the LST and soil
moisture behavior [55]. MODIS provides up to four observations for each day: Aqua nighttime LST at
1:30 h, Terra daytime LST at 10:30 h, Aqua daytime LST at 13:30 h, and Terra nighttime LST at 22:30 h,
local time. These four LST at 1 km were used to compute ΔLST as the solution of the amplitude of
the sinusoid by means of the least squares method (ΔLST4values). In this case, the four LST values
are required to derive Ψ. Nonetheless, if Ψ was known, the amplitude could be calculated using
only 2 LST values, preferable a day-night LST pair, because the difference between 2 daytime or 2
nighttime LSTs is usually low and would result in unrealistic ΔLST estimates. The second method is
based on the difference between the Aqua daytime and nighttime LSTs (ΔLSTAqua). The third way
employs the same methodology as the second but uses Terra daytime and nighttime LSTs (ΔLSTTerra).
The fourth way estimates the ΔLST as the difference between the daily maximum LST—computed from
Terra or Aqua daytime LST—and the daily minimum LST—computed from Aqua or Terra nighttime
LST (ΔLSTAqua/Terra). Therefore, four different approaches of the MODIS-based ATI are calculated,
and their performances are assessed.
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2.6. Estimation of ATI-Derived Surface Soil Moisture

The rationale of the ATI-derived SSM is that high ATI values correspond to maximum soil water
content while low ATI values are related to minimum soil water content. The Soil Moisture Saturation
Index (SMSI) was used to normalize the MODIS ATI time series at 1 km [12]:

SMSI(t) =
ATI(t)− ATImin

ATImax − ATImin
, (5)

where ATI(t) is the ATI at time t, and ATImax and ATImin represent the maximum and minimum values,
respectively, of the ATI time series during the study period.

Because the SMSI varies from 0 to 1, the ATI-derived SSM was finally estimated after applying a
change of dynamic range [12]:

SSM(t) = SMSI(t)(SSMmax − SSMmin) + SSMmin, (6)

where SSMmax and SSMmin are the maximum and minimum SSM values of a reference soil moisture
dynamic range, respectively.

To obtain an adequate soil moisture dynamic range and to account for a SSM dataset independent
of SMAP and SMOS, two different data sources were used. The first data were the saturation (SAT),
field capacity (FC), and wilting point (WP) water content maps at 1 km from the European 3D Soil
Hydraulic Database (SHD) at 5 cm depth [56]. For each pixel over the Iberian Peninsula, the SSMmax

was calculated as the mean of SAT and FC, whereas the SSMmin was calculated as the half value of the
WP. This was similar to previous studies [12,57]. The second dataset was the combined CCI SSM v3.2
product at 25 km from 1978 to 2015 [58]. In this case, the SSMmax and SSMmin were computed as the
maximum and minimum values, respectively, of the long-term time series of each pixel over the Iberian
Peninsula. These SSMmax and SSMmin maps from CCI were resampled from 25 to 1 km resolution
using the nearest neighbor method. Thus, the two different reference dynamic ranges were assessed.

2.7. Assessment of MODIS ATI Surface Soil Moisture

Prior to using the resulting ATI-derived SSM to estimate RZSM, all alternative SSM estimations
based on MODIS data were tested, i.e., varying the albedo (αshortwave or αvisible), the diurnal
temperature range (ΔLST4values, ΔLSTAqua, ΔLSTTerra, or ΔLSTAqua/Terra), and the reference dynamic
range (SHD or CCI). The assessment of these SSM estimations was performed for the 22 stations in
the REMEDHUS network. The in situ SSM time series were compared with the MODIS ATI-derived
SSM time series of the 1 km pixel that overlapped the corresponding station. To evaluate the level of
agreement of both time series, a set of statistical metrics—namely the Pearson correlation coefficient (R),
the root mean square difference (RMSD), the unbiased or centered RMSD (cRMSD), and the bias—was
used. They were computed following these equations:

R =
∑n

i=1 (yi − y)(xi − x)√
∑n

i=1 (yi − y)2
√

∑n
i=1 (xi − x)2

, (7)

RMSD =

√
∑n

i=1 (yi − xi)
2

n
, (8)

cRMSD =

√
∑n

i=1 [(yi − y)− (xi − x)]2

n
, (9)

246



Remote Sens. 2018, 10, 981

bias =
∑n

i=1 (yi − xi)

n
, (10)

where y is the soil moisture to be analyzed, x is the soil moisture used as benchmark, i corresponds to
each day of the study period with coincident data; the average value of both soil moisture datasets are
indicated by a bar.

Since the in situ soil moisture did not have data gaps along the study period, the number of
coincident days—in which there are both in situ and satellite data (N, expressed in percentage referred
to a total number of 642 days)—was also computed to give some insight about the coverage of each
satellite dataset.

2.8. Estimation of Root Zone Soil Moisture from SMOS-BEC and MODIS ATI Surface Soil Moisture

The SWI model was used to estimate the RZSM from the SMOS-BEC and MODIS ATI SSM.
This model consists of two soil layers. The first corresponds to the surface topsoil, while the second
extends from the bottom of the first layer downward [32]. These two layers are related by an
exponential formulation, thus simulating the dynamics of water within the soil profile. The SWI
is computed recursively, where each RZSM value depends on the previous one [33]. The advantage of
the SWI compared to other models is its simplicity. Moreover, the SWI uses only the SSM as input,
together with the exponential T parameter. This T is interpreted as the characteristic time length that
defines the rate of water transfer of each type of soil, increasing with the thickness of the soil layer and
decreasing with the soil diffusivity constant [32,33,40,43].

For this study, the method to obtain the optimal T values relies on the comparison of SSM
and RZSM products from SMAP and SMOS. Two alternative T maps over the Iberian Peninsula
were computed: TSMAP at 9 km from the SMAP L4 SSM and RZSM, and TSMOS at 25 km from
the SMOS-CESBIO L3 SSM and L4 RZSM. First, different T values ranging from 1 to 100 days
were introduced into the SWI model with the SSM (SMAP L4 SSM or SMOS-CESBIO L3 SSM),
obtaining 100 SWI time series for each pixel. Later, all 100 SWI time series were compared with their
corresponding RZSM (SMAP L4 RZSM or SMOS-CESBIO L4 RZSM). The optimal T of each pixel was
selected from these comparisons based on the criterion of highest correlation [43]. The two resulting
T maps were resampled into the regular 1 km grid using the nearest neighbor technique. Then, the
TSMAP and TSMOS were combined with the SMOS-BEC L4 and MODIS ATI SSM, both at 1 km, into the
SWI to obtain four possible RZSM estimates at 1 km.

For a comprehensive understanding, a flowchart (Figure 1) summarizes all the data and the
methodology applied to obtain the six different RZSM estimates to be analyzed in this study: (1) SMAP
L4 RZSM; (2) SMOS-CESBIO L4 RZSM; (3) SMOS-BEC SWI (TSMAP); (4) SMOS-BEC SWI (TSMOS);
(5) MODIS ATI SWI (TSMAP); and (6) MODIS ATI SWI (TSMOS).

2.9. Comparison of Root Zone Soil Moisture Estimates

The RZSM measured in REMEDHUS was used as the benchmark dataset to be compared with
the six different RZSM estimates. Owing to the different scales of in situ and remotely sensed datasets,
two strategies were used. On the one hand, a comparison between each station-pixel pairwise was
performed. Thus, the in situ RZSM time series of each station was compared with the satellite-based
RZSM time series of the overlapping pixel at its spatial resolution (9 km for SMAP L4 RZSM, 25 km
for SMOS-CESBIO L4 RZSM, and 1 km for SMOS-BEC and MODIS ATI SWI). On the other hand,
a validation based on the area averages was done. Then, the average of the 14 RZSM stations was
compared with the average of 10 pixels for SMAP L4 RZSM, 4 pixels for SMOS-CESBIO L4 RZSM,
and 14 pixels of SMOS-BEC and MODIS ATI SWI. Similar to the assessment suggested for the MODIS
ATI SSM, the R, RMSD, cRMSD, and bias were used to evaluate the agreement of the RZSM estimates
with the in situ measurements as well as the number of coinciding data days.

In addition, with the aim of analyzing the impact of the exponential T parameter (TSMAP and
TSMOS) in the SWI-based estimations, temporal correlation maps between the SMOS-BEC SWI (TSMAP),
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the SMOS-BEC SWI (TSMOS), the MODIS ATI SWI (TSMAP), and the MODIS ATI SWI (TSMOS) were
obtained at 9 km and at 25 km. To do this, the four different SWI maps were aggregated from 1 to 9 km,
using the average value of the 1 km pixels that span the 9 km SMAP pixel. Then, these SWI maps at
9 km were compared with the SMAP L4 RZSM product and between them at this spatial resolution.
The same aggregation technique was also applied for the comparison with the SMOS-CESBIO L4
RZSM product at 25 km.

Figure 1. Flowchart showing all data and methodology applied to obtain the RZSM estimates.

3. Results and Discussion

3.1. Preliminary Assessment of MODIS ATI Surface Soil Moisture

To decide and select the best approach for the MODIS ATI SSM before applying the SWI model,
different MODIS ATI SSM estimations were tested against the in situ SSM across REMEDHUS (Table 1).
In general, the correlations obtained from the MODIS ATI SSM (R ~0.32 to 0.70) were lower than
those obtained from other SSM products, such as SMOS, SMAP, and CCI SSM, confirmed in previous
validation studies [1,45,59,60]. However, the errors were very similar (cRSMD ~0.04 m3/m3).

Analyzing the different albedo approaches, no significant differences were found between
using the αshortwave or αvisible in terms of correlation (maximum R ~0.66), errors (minimum RMSD
~0.040 m3/m3 and minimum cRMSD ~0.030 m3/m3), bias, and coverage. The capabilities of both
albedo approaches to characterize the full range of vegetation were comparable, as shown in other
studies [61]. Therefore, because the αshortwave computation required reflectance data from a higher
number of MODIS bands, αvisible was preferred.

Considering the different methods to compute the diurnal temperature range, it was clearly seen
that the ΔLST4values displayed correlation and bias similar to those of the remaining approximations
although with lower errors (RMSD ~0.035 to 0.133 m3/m3 and cRMSD ~0.019 to 0.085 m3/m3).
However, higher coverages were obtained when using ΔLSTAqua (N ~35 %), ΔLSTTerra (N ~40 %),
and ΔLSTAqua/Terra (N ~50 %). These results mean that the availability of the MODIS ATI SSM
was mainly limited by the availability of the LST observations. Previous research used similar
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approximations for ΔLST [57] or complex methods to interpolate the LST data [12,13,62,63]. In this
study, the ΔLSTAqua/Terra was chosen for the estimation of the diurnal temperature range.

Regarding the different dynamic ranges used as reference, the Soil Hydrologic Database (SHD)
afforded statistics similar to those from the CCI approach. This fact, together with the higher spatial
resolution of SHD compared to CCI (1 vs. 25 km), supported the selection of the SHD for the
dynamic range.

Table 1. Statistics obtained from the comparison of the different MODIS ATI SSM estimations with the
in situ SSM over all the REMEDHUS stations. N indicates the number of coincident data days.

MODIS ATI SSM
Estimation

R
RMSD
(m3/m3)

cRMSD
(m3/m3)

Bias
(m3/m3)

N
(%)

αshortwave
0.33 to 0.66 0.039 to 0.153 0.029 to 0.097 −0.133 to 0.099 45.0 to 53.9ΔLSTAqua/Terra

SHD

αvisible
0.34 to 0.66 0.042 to 0.147 0.032 to 0.096 −0.127 to 0.108 45.2 to 54.2ΔLSTAqua/Terra

SHD

αvisible
0.32 to 0.66 0.038 to 0.138 0.027 to 0.107 −0.125 to 0.107 35.8 to 42.2ΔLSTAqua

SHD

αvisible
0.39 to 0.69 0.042 to 0.132 0.025 to 0.090 −0.110 to 0.128 31.6 to 38.5ΔLSTTerra

SHD

αvisible
0.38 to 0.70 0.035 to 0.133 0.019 to 0.085 −0.122 to 0.101 25.1 to 30.7ΔLST4values

SHD

αvisible
0.34 to 0.66 0.049 to 0.134 0.030 to 0.097 −0.111 to 0.125 45.2 to 54.2ΔLST4values

CCI

All values are significant (p-value < 0.05).

3.2. Temporal Analysis of Root Zone Soil Moisture Estimates

The pixel-average time series of the different RZSM estimates across REMEDHUS were compared
against the station-average time series (Figure 2). At first glance, it is remarkable that all satellite
datasets followed a temporal pattern similar to that of the in situ RZSM evolution, in agreement with
the seasonality and climate of this region. It is highlighted that SMAP L4 RZSM and SMOS-BEC
SWI had the best agreement with the dry-down and wetting-up events indicated by the in situ
RZSM. To a lesser extent, this agreement also occurred for the MODIS ATI SWI, which fluctuated
less. The SMOS-CESBIO L4 RZSM exhibited a certain time lag, especially during the rising periods,
compared to the rest of the estimates. The reason could be the three-day window average of this
product, which also smoothed the curve. While the SMOS SSM has proven more variable than the
ground-based SSM itself [45,64], the SMOS RZSM showed more stability, which is consistent with the
expected behavior of the deep soil moisture [43] that is typically more steady than the SSM.

In general, the SMAP L4 RZSM slightly overestimated the in situ RZSM but captured its
overall variability well, with the bias almost constant. By contrast, the SMOS-CESBIO L4 RZSM
underestimated the in situ RZSM, and the differences are higher during the dry season compared to
the other estimates except for the SMOS-BEC SWI. This fact could be explained from the SMOS SSM
underestimation previously detected in this area [45,64,65] and in other regions [66–68]. Both MODIS
ATI SWIs also underestimated the in situ RZSM, although to a minor degree, while their agreement
was better than with the other estimates, particularly during the dry season.
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Figure 2. Average time series of the different RZSM estimates across REMEDHUS.

Regarding the impact of the T parameter, there were no differences in the use of TSMAP and TSMOS

to derive the SWI, both with SMOS-BEC and MODIS ATI. This result could have occurred because
they were very similar in the REMEDHUS area. Indeed, when computing the statistics of the T maps,
the mean values of TSMAP and TSMOS were 14.5 and 17 days, the median values were 13 and 16.5
days, and the mode values were 13 and 16 days, respectively. It has been demonstrated that the T
parameter is the response time of the autocorrelation function of soil moisture [37]. The T was affected
by soil depth, soil hydraulic properties, and different physical processes such as evaporation and
runoff. However, other processes such as transpiration or the soil hydraulic conductivity variation
depending on soil moisture conditions were not considered in the SWI model [32,33]. Additionally,
the potential dependence of T on soil texture was previously suggested [69]. Unfortunately, no
significant relations were observed between T and soil properties (sand and clay fractions, bulk density,
and organic matter content) [33]. The variability of the T parameter has previously been shown
in several studies [32,33,37–40,42,43,69]. However, the SWI performed with similar good results in
all cases. The robustness of SWI on the T parameter may rely on the recursive expression of the
exponential filter, where the SSM has the highest influence and T only represents a timescale value.

The statistics obtained from the validation of the different RZSM estimates across REMEDHUS
showed very similar correlation coefficients for all the estimates (by stations; Table 2 and Figure 3),
although the correlations for MODIS ATI SWI (area-average) were slightly lower (R ~0.75 to 0.77).
All correlations were significant at a 95 % confidence level. Similar correlation coefficient values were
found in previous research when the SWI model was used. For instance, R ~0.45 to 0.88 was obtained
when the SWI was applied to in situ SSM measurements of the Soil Climatic Analysis Network (SCAN)
and compared to soil moisture measurements at 10–90 cm depth [34]. Likewise, R ~0.49 to 0.75 was
obtained when the SWI was applied to the SMOS SSM and compared to the soil moisture of the
25–60 cm profile layer at the Oklahoma Mesonet and the Nebraska Automated Weather Data Network
(AWDN) [42] and also compared to the soil moisture of the 0–50 cm depth of the same REMEDHUS
network [43].

Regarding the differences from the in situ RZSM (Table 2), the values obtained for MODIS ATI SWI
(RMSD ~0.031 to 0.110 m3/m3 and cRMSD ~0.017 to 0.054 m3/m3, by stations) were slightly lower than
those for the other estimates (RMSD ~0.027 to 0.180 m3/m3 and cRMSD ~0.019 to 0.058 m3/m3) except
for the SMAP L4 RZSM product, as expected from Figure 2. Both SMAP L4 RZSM and MODIS ATI
SWI had the lowest differences (RMSD ~0.044 m3/m3 and cRMSD ~0.020–0.021 m3/m3, area-average),
while SMOS-CESBIO L4 RZSM and SMOS-BEC SWI had the highest. These results suggested that
MODIS ATI SWI could be a good estimator of RZSM at a spatial resolution of 1 km.

The bias (Table 2) of SMAP L4 RZSM exhibited positive values (by stations and area-average),
indicating an overestimation of the in situ RZSM, whereas SMOS-CESBIO L4 RZSM, SMOS-BEC
SWI and MODIS ATI SWI had dry biases in both cases, as observed in Figure 2. Different studies

250



Remote Sens. 2018, 10, 981

have shown that SMAP overestimates the SSM [2,59]. In this line, the SMAP L4 RZSM showed a
slightly higher positive bias (0.063 m3/m3) during the validation of this product over the Little River.
The irrigated crops and wetlands in the surroundings of this site, which are not considered in the
SMAP model system, were first assumed as possible reasons for this wet bias, but REMEDHUS has
no wetlands in its vicinity. Moreover, the wet bias over the Little River also appeared in the SMAP
model-only simulations, suggesting that errors in the NASA catchment model parameters may be
the main reason [30]. By contrast, the SMOS-derived RZSM estimates exhibited a dry bias (−0.15 to
+0.05 m3/m3), with values similar to those previously observed [43].

Table 2. Statistics obtained from comparison of the six RZSM estimates (by stations and area-average)
with the in situ RZSM across REMEDHUS. N indicates the number of coincident data days.

RZSM Estimation R
RMSD
(m3/m3)

cRMSD
(m3/m3)

bias
(m3/m3)

N
(%)

By stations

SMAP L4 RZSM 0.39 to 0.89 0.027 to 0.180 0.019 to 0.058 −0.036 to 0.177 86.3 to 99.7
SMOS-CESBIO L4 RZSM 0.33 to 0.89 0.036 to 0.179 0.023 to 0.061 −0.174 to 0.006 86.5 to 99.8

SMOS-BEC
SWI (TSMAP) 0.30 to 0.93 0.030 to 0.148 0.028 to 0.063 −0.143 to 0.033 78.3 to 91.1
SWI (TSMOS) 0.31 to 0.93 0.027 to 0.148 0.024 to 0.061 −0.144 to 0.032 78.3 to 91.1

MODIS ATI
SWI (TSMAP) 0.19 to 0.88 0.032 to 0.110 0.017 to 0.054 −0.098 to 0.057 44.9 to 53.4
SWI (TSMOS) 0.18 to 0.87 0.031 to 0.110 0.017 to 0.053 −0.098 to 0.056 44.9 to 53.4

Area-average

SMAP L4 RZSM 0.86 0.044 0.020 0.040 99.7
SMOS-CESBIO L4 RZSM 0.84 0.109 0.028 −0.105 99.8

SMOS-BEC
SWI (TSMAP) 0.81 0.086 0.039 −0.077 92.7
SWI (TSMOS) 0.82 0.086 0.037 −0.077 92.7

MODIS ATI
SWI (TSMAP) 0.75 0.045 0.022 −0.038 68.1
SWI (TSMOS) 0.77 0.044 0.021 −0.039 68.1

All values are significant (p-value < 0.05).

Figure 3. Pearson’s correlation coefficients (R) between the in situ RZSM and the six RZSM estimates
across REMEDHUS (by stations).

In summary, it is remarkable that the results for the SMAP RZSM and SMOS SWI (R > 0.8 and
cRMSD ~0.02 m3/m3) were better than those found in some works about SSM over the REMEDHUS
network. For the SMOS L2 SSM product, the correlation was R ~0.78, and the errors were beyond
cRMSD ~0.04 m3/m3 [45]. In the case of the SMAP L2 SSM product, the correlation was R ~0.58,
and the errors were also close to cRMSD ~0.04 m3/m3 [2]. Moreover, the results obtained for SMAP
RZSM in this research were near those found for the SSM product in REMEDHUS (R ~0.9) but for a
longer period of validation [59].

A previous study suggested that the inherent differences between SMOS and in situ were larger
than the errors produced by the SWI model [42]. This situation was also true here, where the RMSD and
bias were smaller for the SWI-derived estimations than for the SMOS RZSM product itself. The impact
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of using TSMOS or TSMAP in the SWI model was negligible for both SMOS-BEC and MODIS ATI,
and non-significant differences were found during the validation across REMEDHUS. It is highlighted
that the coverage of MODIS ATI SWI was clearly lower than that of the other estimations by both
stations and area-average, which evidenced the most important drawback of the MODIS ATI-derived
RZSM owing the use of VIS/IR observations.

3.3. Spatial Analysis of Root Zone Soil Moisture Estimates

Six maps of RZSM over the Iberian Peninsula—one for each different RZSM estimate—are
displayed during a summer and a winter day (9 July and 31 December 2016) in Figures 4 and 5,
respectively. No significant differences were observed between the SMOS-BEC and MODIS ATI SWI
calculated with TSMAP and TSMOS, as it was seen in the REMEDHUS area (Table 2 and Figure 3).
This result suggests that the T parameter could have a very small influence in the SWI model results.

On both dates, there was a high similarity between the SMOS-CESBIO L4 RZSM and the
SMOS-BEC SWI maps because both estimations used data from the same radiometer and similar
approaches were employed to obtain the RZSM. Note that the higher spatial resolution of the
SMOS-BEC SWI maps allowed observing more details than that of the SMOS-CESBIO L4 RZSM
maps. In general, although the SMOS-BEC SWI used both ascending and descending orbits to increase
its coverage, the SMOS orbital path of a unique day usually does not cover the entire Iberian Peninsula
and some data gaps are still present. Instead, the SMOS-CESBIO L4 RZSM covered the entire spatial
domain since it was produced by a three day composite.

 
(a) 

 
(b) (c) 

 
(d) 

 
(e) (f) 

Figure 4. RZSM maps corresponding to a summer day (9 July 2016): (a) SMAP L4 RZSM; (b) SMOS-BEC
SWI (TSMAP); (c) MODIS ATI SWI (TSMAP); (d) SMOS-CESBIO L4 RZSM; (e) SMOS-BEC SWI (TSMOS);
and (f) MODIS ATI SWI (TSMOS).

In general, the SMAP L4 RZSM product displayed wetter values than all the other estimates on
both days, confirming the overestimation found in REMEDHUS. Additionally, the SMAP L4 RZSM
maps clearly exhibited wetter values in the north than in the south, which was in accordance with
the climatic patterns over the Iberian Peninsula. This effect was especially noticeable for the Pyrenees
and the Cantabrian ranges in the north and the Galicia region and the northern part of Portugal in
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the northwestern Iberian Peninsula. The SMOS-CESBIO L4 RZSM maps also displayed this synoptic
situation in the summer. In summer as well as winter, both SMAP and SMOS-CESBIO L4 RZSM
were able to detect the Doñana National Park—the most important wetland in Spain—located at the
Guadalquivir River mouth (southern Spain). This area was also captured by the SMOS-BEC SWI,
whereas the MODIS ATI SWI did not show these distinctive features. There was no marked spatial
contrast in RZSM for the MODIS ATI SWI maps throughout the Iberian Peninsula on both days except
the high values in the north during the wet period. The MODIS ATI SWI can be masked not only
by clouds but also by fog banks due to the use of optical observations. This effect was captured in
the MODIS ATI SWI maps for the winter day where some river valleys in the center of the Iberian
Peninsula did not have data.

 
(a) 

 
(b) (c) 

 
(d) 

 
(e) (f) 

Figure 5. RZSM maps corresponding to a winter day (31 December 2016): (a) SMAP L4 RZSM;
(b) SMOS-BEC SWI (TSMAP); (c) MODIS ATI SWI (TSMAP); (d) SMOS-CESBIO L4 RZSM; (e) SMOS-BEC
SWI (TSMOS); and (f) MODIS ATI SWI (TSMOS).

The temporal correlation maps of the SMAP and SMOS-CESBIO L4 RZSM with both SMOS-BEC
and MODIS ATI SWI aggregated to 9 km and 25 km are shown in Figures 6 and 7, respectively.
Only pixels with significant correlation (p-value < 0.05) are shown. It can be seen that microwave-based
RZSM estimates (the SMAP L4 RZSM product at 9 km against SMOS-BEC SWI estimates) were highly
correlated over most parts of the Iberian Peninsula (R ≥ 0.7), regardless of the T parameter used.
Only some areas displayed low values of correlation (R ~0.2 to 0.3). These areas, such as the Pyrenees,
had a low number of days with data because the abrupt topography decreased the number of soil
moisture retrievals for these pixels. However, when comparing the SMAP L4 RZSM against the MODIS
ATI SWI, the correlations over all the extreme north of the peninsula were low and even reached
negative values, especially in regions with abundant and dense vegetation such as the Pyrenees
and Cantrabrian ranges. The same patterns were obtained when comparing the MODIS ATI SWI
against the SMOS-BEC SWI with both T parameter values. This result may be related to the distinctive
vegetation of these regions because there are other mountainous areas in the Iberian Peninsula, but the
north ranges are also the more densely forested ones.
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(a) 

 
(b) (c) 

 
(d) 

 
(e) (f) 

Figure 6. Temporal correlation maps at 9 km between: (a) SMAP L4 RZSM and SMOS-BEC SWI (TSMAP);
(b) SMAP L4 RZSM and MODIS ATI SWI (TSMAP); (c) MODIS ATI SWI (TSMAP) and SMOS-BEC
(TSMAP); (d) SMAP L4 RZSM and SMOS-BEC SWI (TSMOS); (e) SMAP L4 RZSM and MODIS ATI SWI
(TSMOS); and (f) MODIS ATI SWI (TSMOS) and SMOS-BEC (TSMOS).

 
(a) 

 
(b) (c) 

 
(d) 

 
(e) (f) 

Figure 7. Temporal correlation maps at 25 km between: (a) SMOS-CESBIO L4 RZSM and SMOS-BEC
SWI (TSMAP); (b) SMOS-CESBIO L4 RZSM and MODIS ATI SWI (TSMAP); (c) MODIS ATI SWI (TSMAP)
and SMOS-BEC (TSMAP); (d) SMOS-CESBIO L4 RZSM and SMOS-BEC SWI (TSMOS); (e) SMOS-CESBIO
L4 RZSM and MODIS ATI SWI (TSMOS); and (f) MODIS ATI SWI (TSMOS) and SMOS-BEC (TSMOS).
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In addition, a similar comparison was made with the SMOS-CESBIO L4 RZSM at 25 km, and the
same patterns were distinguished irrespective of its lower spatial resolution compared to SMAP.
The same patterns were found in the evapotranspiration and Fractional Vegetation Cover products
from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) sensor on board the Meteosat
Second Generation (MSG) [70]. Then, the VIS/IR-based observations produced negative correlations
in northern Spain. This result could be due to the MODIS variables involved in the ATI-derived soil
moisture estimation (reflectance or LST). The reflectance was directly linked to the MODIS NDVI that
was used to obtain the SMOS-BEC L4 SSM from its downscaling algorithm but not the MODIS LST.
However, the observed correlation patterns were not seen in the correlations maps of the SMOS-BEC
SWI with other passive RZSM estimates. Due to this fact, the reflectance was discarded as the cause
of the negative correlations. Therefore, the reason for these correlation patterns may be the different
characterization of the MODIS LST reflecting the north-south temperature gradient compared with the
LSTs from the NASA catchment model and the ECMWF ERA-Interim model used in SMAP L4 RZSM
and SMOS-BEC L4 SSM, respectively.

4. Conclusions

In recent years, the use of RZSM has become increasingly important in several hydrological
and agricultural applications. In this research, six different RZSM estimates provided by three
satellites—SMAP and SMOS operating at the microwave L-band and MODIS operating at the optical
frequency range—were evaluated across the Iberian Peninsula from 31 March 2015 to 31 December 2016.

A preliminary analysis of the MODIS ATI-derived SSM estimation was carried out. It correctly
reproduced the in situ SSM measurements with slightly lower correlations but a similar performance
in terms of errors and bias than estimates obtained from the L-band. Because there were no remarkable
differences between all possible alternatives to calculate the ATI-derived SSM, the approach that was
easiest to implement, had the lowest computational cost, and with the best available spatial and
temporal resolution was selected. This approach used the visible albedo reflectance, the combination of
the Aqua/Terra LST, and the Soil Hydraulic Database to set the reference thresholds for soil moisture.

In the temporal analysis of the six RZSM estimates performed across the REMEDHUS area, all
of them followed a similar evolution. The SMOS-CESBIO L4 RZSM product, the SMOS-BEC SWI,
and MODIS ATI SWI showed underestimations with respect to the in situ measurements, while the
SMAP L4 RZSM product showed overestimation. The different alternatives for T parameters used in
the SWI model did not seem to impact the results.

In the spatial analysis performed across the Iberian Peninsula, a high level of similarity was
observed between the SMOS-based estimations, with clearly higher spatial detail for the SMOS-BEC
SWI than for the other estimates. The most distinctive spatial variability between wet and dry regions
was displayed by the SMAP L4 RZSM, whereas the MODIS ATI SWI had the lowest spatial variability.

Regarding the correlation spatial patterns, the RZSM estimates from the microwave sensors
were highly correlated across the Iberian Peninsula except in areas with low amounts of data.
The comparison between microwave and optical observations showed low or negative correlation
values all over the extreme north of the peninsula, coinciding with the location of higher mountains
and more densely forested areas.

Although two different spectral regions were used (microwave or optical frequencies), all six
different RZSM estimates reproduced the temporal patterns of the in situ RZSM well and could be
considered as good RZSM estimators. The SWI model, which required only SSM and the T parameter
as inputs, worked as well as more complex land surface or hydrological models for estimating RZSM,
as in the cases of the SMOS and SMAP L4 RZSM products. The good results based on the MODIS
ATI must be highlighted, despite its lesser temporal coverage, given MODIS is not a satellite mission
specifically devoted to soil moisture retrieval.
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The use of remote sensing as an alternative to ground-based measurements for RZSM monitoring
offers a new opportunity for hydrological studies and agricultural applications at the global scale,
improving their spatial coverage and temporal resolution.
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Abstract: Soil moisture observations are expected to play an important role in monitoring global
climate trends. However, measuring soil moisture is challenging because of its high spatial and
temporal variability. Point-scale in-situ measurements are scarce and, excluding model-based
estimates, remote sensing remains the only practical way to observe soil moisture at a global scale.
The ESA-led Soil Moisture and Ocean Salinity (SMOS) mission, launched in 2009, measures the Earth’s
surface natural emissivity at L-band and provides highly accurate soil moisture information with a
3-day revisiting time. Using the first six full annual cycles of SMOS measurements (June 2010–June
2016), this study investigates the temporal variability of global surface soil moisture. The soil moisture
time series are decomposed into a linear trend, interannual, seasonal, and high-frequency residual
(i.e., subseasonal) components. The relative distribution of soil moisture variance among its temporal
components is first illustrated at selected target sites representative of terrestrial biomes with distinct
vegetation type and seasonality. A comparison with GLDAS-Noah and ERA5 modeled soil moisture at
these sites shows general agreement in terms of temporal phase except in areas with limited temporal
coverage in winter season due to snow. A comparison with ground-based estimates at one of the sites
shows good agreement of both temporal phase and absolute magnitude. A global assessment of the
dominant features and spatial distribution of soil moisture variability is then provided. Results show
that, despite still being a relatively short data set, SMOS data provides coherent and reliable variability
patterns at both seasonal and interannual scales. Subseasonal components are characterized as white
noise. The observed linear trends, based upon one strong El Niño event in 2016, are consistent with
the known El Niño Southern Oscillation (ENSO) teleconnections. This work provides new insight
into recent changes in surface soil moisture and can help further our understanding of the terrestrial
branch of the water cycle and of global patterns of climate anomalies. Also, it is an important
support to multi-decadal soil moisture observational data records, hydrological studies and land data
assimilation projects using remotely sensed observations.

Keywords: SMOS; soil moisture; climatology; trends; signal decomposition

1. Introduction

During the last decade, the interest in low-frequency microwave remote sensing and technological
advances in instrumentation and space technology have resulted in a series of new mission concepts
to measure key components of the water cycle. Soil moisture is one of these key components,
controlling the partition of energy at the surface and the interactions between the land surface
and the atmosphere at varying temporal and spatial scales [1–4]. Theoretical and experimental
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evidence supports the idea that L-band (1 to 2 GHz) microwave radiometry is the optimal technology
for measuring global surface soil moisture (SM) on an operational basis. The emission of thermal
microwave radiation from soils is strongly dependent on soil moisture content. L-band measurements
are insensitive to cloud liquid water and, compared to higher microwave frequencies, they are more
sensitive to deeper soil moisture layers (up to 5 cm) and penetrate through denser layers of vegetation
canopy [5,6]. The latter is especially important for improvements in climate, numerical weather
prediction, water and energy cycle science. As a result, the first two satellite missions specifically
designed to measuring SM have an L-band radiometer on-board: ESA launched the Soil Moisture
and Ocean Salinity (SMOS) mission in November 2009 [7] and NASA launched the Soil Moisture
Active-Passive (SMAP) satellite in early 2015 [8]. SMOS unique payload is an L-band synthetic
aperture radiometer with multi-angular and full-polarimetric capabilities that provides synoptic views
of the Earth’s global SM with a spatial resolution of ∼40 km and a 3-day revisit. SMAP has a real
aperture L-band radiometer and an L-band radar to enhance the spatial resolution of the estimates from
36 km (radiometer only) to 9 km (radar-radiometer). However, operations of active-passive products
ceased abruptly with the failure of the SMAP radar after about ten weeks of operations. Nonetheless,
the radiometer is continuing to make measurements and four annual cycles of measurements are about
to be completed.

Also during the last decade, satellite sensors with long technological heritage operating in
the low-frequency microwave spectrum, that were initially devoted to atmospheric and/or oceanic
sensing, have proved suitable for SM retrieval. As a result, several SM datasets from active and passive
microwave sensors at C-band (6 GHz) and X-band (10 GHz) partially covering nearly the last 4 decades
have been published and shared openly with the international community. Although these sensors are
only sensitive to the top 1 cm of soil and have a larger attenuation in presence of vegetation, they can
complement recent L-band missions and allow for a multi-decadal soil moisture observational data
record. Spaceborne SM data sets from low-frequency microwaves have been widely validated under
different biomes and climate conditions by comparison with ground-based observations (e.g., [9–16]
and outputs of land surface models ([17–20]). Relevant for this work, Polcher et al. [20] showed that
the rainfall driven structures of SM captured by the ORCHIDEE land surface model and SMOS are
compatible, and comprehensive validations of SMOS retrievals have been undertaken showing good
agreement with other sensors and consistent results over all surfaces, from very dry (Arizona, Sahel)
to wet (tropical rain forests) [15].

Soil moisture was recognized by the Global Climate Observing System (GCOS) to be an Essential
Climate Variable (ECV) in 2010. This underscores the potential of SM data sets to support the work of
the United Nations Framework Convention on Climate Change (UNFCCC) and the Intergovernmental
Panel on Climate Change (IPCC). In this context, the ESA’s soil moisture Climate Change Initiative
(CCI) is one of the first initiatives to merge the different microwave products available into a single soil
moisture climate data record (http://www.esa-soilmoisture-cci.org/). One of the key steps in building
a multi-decadal soil moisture data record is that, since different products display different ranges of
soil moisture values, data have to be harmonized first using a common climatology. In its current
version, the ESA CCI SM product uses the climatology provided by the Global Land Data Assimilation
System (GLDAS-Noah) as a reference to scale the individual products. Despite some limitations,
the ESA CCI SM product is nowadays the most complete and consistent long-term soil moisture data
record available, covering (almost) the 40-year period from 1978 to June 2018 [21]. Recent research has
been focused into incorporating SMOS to the climate data record [22]. However, the impact of using a
model’s climatology in absolute retrievals remains unclear, and the climate community has repeatedly
argued for the need for a satellite-based SM record to serve as a reference for verifying land surface
model performance and trends.

This study presents an SMOS-based L-band climatology that could potentially serve as a reference
for the readily available microwave-based soil moisture data sets (from X-, C- and L-bands) into
a long-term climate data record exclusively based on observational data sets. Ideally, an L-band
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climatology should be built from both SMOS and SMAP data. However, since a combined product is
not yet available, and SMAP only covers a short observation period, this paper is focused on an L-band
climatology solely based on SMOS observations. We show that this observation-driven climatology
provides a close representation of the dominant features of temporal variability in the Earth’s SM for
the period 2010–2016, and allows identifying areas subjected to seasonal, subseasonal and long-term
variability. Previous research showed that, despite being a short data set, SMOS provides coherent
and reliable SM variability patterns at both seasonal and interannual scales [23,24]. In this work, the
Seasonal Trend decomposition using Loess (STL) procedure [25] is implemented and tailored to the
first six annual cycles of SMOS data to decompose the temporal variability of the signal. Our analysis
quantifies how much SM variation is due to long-term influences, how much is due to seasonal cycle
and how much is dominated by subseasonal short-term influences. This knowledge is critical for
understanding how well climate data and land surface models compare with the remotely sensed
variable. It also allows distinguishing between linear trends and interannual variability, which could
be later related to main phenomena of global weather alterations over land (e.g., El Niño Southern
Oscillation (ENSO)).

This paper is organized as follows. The SM dataset and the methodology followed to build
the SM climatology and to provide a global assessment of SM variability are described in Section 2.
Main results are shown in Section 3. The distribution of SM variance among temporal components is
first analyzed at selected target sites representative of terrestrial biomes with distinct vegetation type
and seasonality. The SMOS temporal series at these sites are compared to GLDAS-Noah and ERA5
modeled SM and to ground-based estimates available at one of the sites (REMEDHUS network, in
Spain) to identify consistencies and potential shortcomings of building a climatology with observational
data alone. Subsequently, the main features of SM temporal variability are analyzed at the global scale.
Conclusions and perspectives from this work are given in Section 4.

2. Materials and Methods

2.1. SMOS Soil Moisture

This study uses six years of global SMOS-BEC L3 v.2 daily SM retrievals, starting on 1 June 2010.
This product is provided in the 25 km EASE2 equal-area grid and is obtained from the ESA L2 v.620
data, after discarding SM retrievals being potentially affected by radio frequency interferences (RFI
flag) or with a Data Quality Index (DQX) greater than 0.07 m3·m−3. The DQX is an estimate of the error
in the SM retrieval and the brightness temperature measurement accuracy. Products are provided
separately from ascending and descending orbits. Data as well as further processing details are
available at http://bec.icm.csic.es/. In this work, daily products from both ascending and descending
orbits are combined to maximize coverage (further pre-processing is detailed in Section 2.5).

It is relevant to note the impact that RFI has on L-band satellite measurements. Although L-band
is an internationally protected band for radio astronomy, it was soon clear after the SMOS launch that
anthropogenic RFI exceeded expected levels in many regions worldwide [26]. The situation has now
improved, but the presence of RFI still masks SMOS observations, severely limiting its coverage in
some regions [27]. The impact of RFI is considerably reduced in SMAP, since a number of hardware
and software measures were implemented to detect and where possible mitigate its effects [28]. In this
regard, recent studies combining the brightness temperatures of the two missions are particularly
promising [29].

2.2. Selection of Target Sites

A set of representative target sites were selected to characterize and illustrate the SMOS SM
climatology under contrasting vegetation types and climatic conditions. The analysis of the SMOS
STL decomposition at the target sites allowed us to analyze major features of the STL decomposition
procedure and adapt its parameterization to SMOS measurements. This is described in detail in
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Section 2.6. In addition, the target sites were used as a basis for the inter-comparison of SMOS with
GLDAS-Noah and ERA5 SM time series.

The 11 terrestrial Transcom regions were used as an initial segmentation of global continental
land from where to select representative sites. Transcom regions are based on a 1-degree land cover
map and are delimited by climate zones [30]. The advantage of using this classification is that it
encloses climates with similar vegetation seasonality into a limited number of classes. After careful
analysis of the SMOS SM time series in each region, eight target sites were chosen covering Transcom
regions North America Boreal, North America Temperate, South America Tropical, South America
Temperate, Europe, Northern Africa, Southern Africa, and Australia. No target sites were chosen from
Transcom regions Eurasia Boreal, Eurasia Temperate and Asia Tropical, since availability of SMOS SM
data in these regions is very limited due to combined effects of RFI, the presence of snow and high
topography. A global map showing the selected target sites and the terrestrial Transcom regions is
shown in Figure 1. The specific location of each target site is provided in Table 1. One of the SMOS
and SMAP Core Cal/Val sites (REMEDHUS, site E) was chosen as a target site for further analysis vs
ground-based measurements.

Figure 1. Geographical position of the eight locations (triangles, letters A to H) selected to illustrate the
main features of SMOS climatology for a variety of vegetation and climatic conditions. Colors represent
the 11 terrestrial Transcom regions [30].

Table 1. Target sites: name and location.

Site Latitude Longitude

A – North America Boreal 60.93◦N 105.68◦W
B – North America Temperate 45.27◦N 101.00◦W
C – South America Tropical 7.54◦S 47.90◦W
D – South America Temperate 8.52◦S 38.52◦W
E – Europe - REMEDHUS 41.3◦N 5.4◦W
F – Northern Africa 10.90◦N 2.60◦E
G – Southern Africa 4.20◦S 36.70◦E
H – Australia 34.56◦S 145.25◦E

To establish the actual spatial representativeness of the target sites, a temporal correlation analysis
was performed at each selected location. Figure 2 shows, for each target site, the correlation map of
its SMOS SM time series with the SMOS SM time series of all the pixels on the globe. It can be seen
that the highest correlation is located in the neighborhoods of the chosen pixel (within the Transcom
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Region), which indicates the target site is representative of their surrounding area, but, as expected,
not of the whole region.

(a) North America Boreal (b) North America Temperate

(c) Tropical South America (d) Temperate South America

(e) Europe (f) Northern Africa

(g) Southern Africa (h) Australia

Figure 2. Correlation maps showing the representativeness of the SMOS time series for the study
period at the selected target sites. The exact location of each target site (see Table 1) is marked with a
black cross.
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2.3. Modeled Soil Moisture

2.3.1. GLDAS-Noah

Global Land Data Assimilation System (GLDAS) Noah model v.1 top 10 cm soil moisture estimates
were used in this study [31]. GLDAS-Noah land surface state and flux products are provided by the
Hydrology Data and Information Services Center (HDISC), a component of the NASA Goddard Earth
Sciences Data and Information Services Center (GES DISC). GLDAS-Noah is available with a 3-h
temporal interval and 0.25◦ spatial resolution, covering dates from 2000 to the present. Data was
extracted for the eight selected target sites (see Figure 1) and the 6-year study period. The original unit
of GLDAS-Noah SM is kg·m−2, which was converted to volumetric SM (m3·m−3) for this study by
considering a top soil layer depth (10 cm) and assuming the density of water in the soil is 1000 kg·m−3.
After averaging for daily values, 1-day time series were used to construct 18-day temporal average
fields every 5 days (the rationale for this filtering is explained in Section 2.5).

2.3.2. ERA5

ERA5 is the most modern reanalysis produced by ECMWF, using a recent version of the ECMWF
Integrated Forecasting System. The data cover the Earth on a 30 km grid and resolve the atmosphere
using 137 levels from the surface up to a height of 80 km. It uses a vast number of observations,
including several reprocessed datasets [32]. Although ERA5 is currently in production, the data for
the period of this study is already available; top 7 cm soil moisture fields have been extracted for the
selected target sites and the 6-year study period. After averaging 00 UTC and 12 UTC to obtain the
daily values, 1-day time series were used to construct 18-day temporal average fields every 5 days.

2.4. Ground-Based Soil Moisture

In-situ soil moisture from REMEDHUS (target site E, see Figure 1, Table 1) was obtained through
the International Soil Moisture Network [33]. The REMEDHUS soil moisture monitoring network
is composed of 23 automated stations deployed within an area of 1300 km2 in a semi-arid sector
of the Duero basin in Spain. Each station is equipped with capacitance probes providing hourly
measurements over the top soil 5 cm with a reported accuracy of 0.003 m3·m−3. This network has been
continuously operating and quality-controlled since 2005 and is therefore ideally suited for validation
of multi-year satellite time series. Further details on the network can be found in [12]. For the period
of study, data from 17 REMEDHUS stations were available. Data from these stations was first daily
averaged and then used to construct 18-day temporal average fields every 5 days (see Section 2.5).

2.5. Temporal Averaging and Filtering of SMOS Data

SMOS L3 daily SM maps need to be pre-processed to ensure smooth spatio-temporal transitions
and representative soil moisture states in the climatology. To this aim, outliers were first detected and
screened out from the 1-day maps. This was done by comparing the SM retrieved at each pixel with
the retrievals embedded within the one-degree box centered at the considered pixel. Any pixel value
failing to pass the Tukey outlier test [34] were removed from the dataset. In the next step, the filtered
1-day SM maps were used to construct 18-day temporal average fields every five days. Although the
daily SMOS SM maps are useful for the monitoring and evaluation of episodic events, we opted for
an average period of 18 days to increase the spatial coverage of the resulting maps, reduce random
retrieval errors and filter out high-frequency modes that can be considered as noise when calculating
climatological averages. The temporal window of 18-day is the closest to SMOS repeat cycle and the
one generally chosen to avoid orbital artifacts (e.g., [35]).

As shown in detail by Robock et al. [36], there are two distinct scales that determine the variations
of SM in time and space. The small scale, referred to as hydrological or land surface related scale, is on
the order of days and tens of meters. Soil moisture can vary on this scale due to variations of soil
properties, vegetation, and topography or drainage patterns. This small-scale variability is intertwined
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with a much larger scale on the order of weeks-to-months and tens-to-hundreds of kilometers that
is mainly due to atmospheric forcing. Microwave satellite measurements integrate over relative
large-scale areas on the order of ∼25 km with a typical revisit of 3-days. At these spatio-temporal
scales, the short-term (up to 3 days) and small-scale (tens of meters) land surface component of
soil moisture variability appears as random (white) noise in comparison with the long-term (about
1–4 months) and large-scale (about 400–800 km) signal related to atmospheric forcing.

Examples of the time series of the original 1-day SM, together with the 18-day average, are shown
in Figure 3 for the 8 target sites, which cover a variety of vegetation seasonality and climatic conditions
(Figure 1, Table 1). Dots represent the daily values and the solid line corresponds to the 18-day average
every five days. It can be seen that the variability of the daily signal is captured in the filtered time
series, where the six SM annual cycles can be clearly identified. Difference in magnitude and extent of
rainy seasons among years are more clearly distinguished in the filtered series (e.g., sites E and H).
Also, notice the opposite timing of wet and dry seasons in Northern and Southern Africa (sites F and G),
which reflect the displacement of the Inter-Tropical Convergence Zone (ITZC). Site D exhibits limited
temporal variability in both the original and the filtered series.

Figure 3. Time series of the 1-day SMOS-based soil moisture retrievals (dots) and overlapped the
18-day average every five days (solid line) at the target locations.

Notice that not all the 25-km pixels in this 18-day averaged SM fields are continuously observed.
SMOS’s wide swath (1000 km) and polar orbit allow for a 3-day global revisit period. However, there is
an important amount of missing data due to the presence of radio frequency interferences masking
L-band measurements, particularly in South-East Asia [27]. In addition, no retrievals are attempted in
areas of high topography (e.g., Himalaya) and in soils covered by snow. The latter strongly reduces the
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data availability in high latitudes and especially during the fall and winter seasons. The global map of
Figure 4 shows the SMOS temporal coverage for the study period, with 1 representing a 100% coverage
of the filtered and temporally-averaged SMOS signal. In this study, only the pixels with a minimum of
80% temporal coverage were used in order to ensure representativeness and robustness of the signal
decomposition and of the results presented. As we will show later in the study, this threshold does not
exclude areas with limited data in winter due to snow. The impact of these “intermittent” data gaps in
the STL decomposition is discussed in Sections 3 and 4.

Figure 4. Global map of SMOS temporal coverage during the study period.

2.6. Signal Decomposition

The STL geostatistical procedure is used in this work to decompose the SMOS signal into its
temporal components and build an observation-based SM climatology. The STL technique was
originally introduced by Cleveland et al. [25], and adapted by Humphrey et al. [37] to evaluate
the seasonal cycle of unevenly spaced time series using locally weighted regression, or Loess.
This technique has already been used in several research studies to extract the seasonal and
interannual components of GRACE time series [37–39]. In this work, the STL procedure has been
used to decompose the filtered and temporally-averaged SMOS SM signal (SMtot) as the sum of a
seasonal component (SMseas), a low-frequency component (SMlong−term) and remaining high-frequency
residuals (SMres):

SMtot = SMlong−term + SMseas + SMres (1)

The low-frequency component SMlong−term contains only periodicities larger than a season and is
further decomposed into linear trends (SMtrend) and the anomalies with respect to this linear trend or
interannual variability (SMinterannual). The high-frequency residual is expected to be both a real signal
representing subseasonal variability and noise present in SMOS data. For a detailed description of the
method, refer to [25,37]. In short, STL is a double recursive approach: an inner iteration cycle is used
to recover the seasonal cycle from the low-frequency component using Loess; the outer iteration cycle
is used to recalculate the Loess weights and to separate the signal between low- and high-frequency
components again using Loess. At the end of the process, the low-frequency signal remaining after
removal of the seasonal cycle is decomposed as a trend and an interannual signal. The residual
component is equal to the resulting high-frequency component.
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The application of the STL algorithm requires the specification of six smoothing filter parameters
that need to be optimized to minimize spectral leakage between high- and low-frequency components
and control the possible influence of outliers in the time series. These are: (1) the length of the seasonal
cycle; (2) the degree of the weighted polynomial regression; (3) the number of cycles of the inner
loop (used to estimate the trend, the seasonal and the interannual components); (4) the number of
cycles of the outer loop (used to estimate the residual signal, i.e., the subseasonal component); (5) the
maximum time lag for the seasonal component, and (6) the maximum time lag for the long-term
component. Here, the seasonal cycle is taken as exactly 365 days, a multiple of the 5-day map interval
(which was constructed disregarding the occurrence of the leap day, 29 February 2012). Following
Humphrey et al. [37], the number of inner and outer loops is set to 2 and 3, respectively, a quadratic
fit is used for the seasonal cycle and a linear fit for the long-term components. The optimal values
for the maximum time lag of the seasonal and long-term components have been selected after a
comprehensive analysis carried out at the 8 target sites that is reported hereafter. The role of the
maximum time lag for the seasonal component λper is illustrated in Figure 5 for site A. It is shown that
the smoothness of the seasonal cycle increases with the value of the maximum seasonal time-lag period.
Although large values are recommended when using noisy data, they may hide key details of the
seasonal cycle. A maximum seasonal time lag of 90 days fails to reconstruct the double-maximum SM
in June and September. Instead, it results in an erroneous maximum during July. On the other hand,
too short maximum seasonal time lags tend to over fit the noisy data. A similar effect was observed
for sites C, E and G, whereas there was not a strong impact in B, D and F (not shown). These results
indicate that a maximum seasonal time lag of 45 days is a reasonable compromise for SMOS SM data
and it is the value used for the rest of this study.

Figure 5. Analysis of the extracted soil moisture seasonal component at location A. Two seasonal
components are shown depending on the value of the maximum seasonal time lag λper. Black and gray
lines corresponds the values of 45 days and 90 days, respectively.

The role of the maximum time lag for the long-term or low-frequency component is to separate
the seasonal anomalies between a low-frequency (that will be further decomposed as a trend and an
interannual component) and a residual high-frequency component. Figure 6 shows the spectra of the
interannual and subseasonal SM components for a long-term maximum time lag of 0.20 × 365 (top)
and of 0.10 × 365 (bottom). It is observed that the larger lag leads to a subseasonal component having
maximums for cycles beyond 90 days, whereas the shorter lag leads to a subseasonal variability
closer to white noise. Here, the lag of 0.10 × 365 has been selected since it allows a more appropriate
decomposition of long-term variability and residual components (which integrates both subseasonal
variability and instrumental noise). Results shown in Figure 6 are for site A, results obtained for the
other sites are consistent (not shown).
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Figure 6. Spectra (m3· m−3)2·cpd−1 (cpd = cycles per day) versus frequency (cycles per day) for
soil moisture interannual (black line) and residual (blue line) temporal components at location A.
The seasonal maximum time-lag parameter is 45 days. Top and bottom plots are obtained using a
long-term maximum time lag equal to 0.20 × 365 and 0.10 × 365 days, respectively. The time lag of
0.10 × 365 is selected to ensure the residual component contains only subseasonal variability and
instrumental noise i.e., it has no maximums for cycles beyond 90 days.

2.7. Analyses at Target Sites

The STL procedure was applied to the SMOS time series at the target sites. The obtained
distribution of SMOS SM variance among its temporal components was analyzed in detail.
Subsequently, SMOS, GLDAS-Noah and ERA5 SM time series at these locations were inter-compared
to identify consistencies and potential shortcomings of building a climatology with satellite data alone.
A comparison of the three data sets to ground-based SM was performed for one of the target sites
(REMEDHUS, in Europe). Statistical scores of the comparisons are provided.

2.8. Analyses at the Global Scale

Global maps of the long-term average and standard deviation of SM were computed on a
pixel basis over the filtered and temporally-averaged SMOS signal. The STL decomposition was
subsequently applied globally to each individual pixel with a temporal coverage greater than 80%
for the study period (see Figure 4). The relative magnitude of the extracted long-term, seasonal and
residual components with respect to the total variance was computed to assess the dominant modes of
temporal variability in global SM during the study period. The magnitude of the linear trends within
the long-term component were also evaluated per pixel at the global scale.

3. Results

3.1. Soil Moisture Temporal Decomposition at Target Sites

Figure 7 illustrates the STL decomposition of the SMOS signal into the different subcomponents
at the 8 target regions. In general, the temporal series show an almost negligible linear trend,
with Australia (H) and South America Temperate (D) presenting a slight trend towards drier conditions
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and North America Temperate (B) and Southern Africa (G) revealing a slight trend towards wetter
conditions. This will be examined in detail later in this section. A clear seasonal signal is extracted for
most of the sites, except for South America Temperate (D), which exhibits limited temporal variability
in the original series (see also Figure 3). The residual component shows a temporal behaviour similar
to that of white noise in all the sites. It is especially high in Australia (H) and, to a lesser extent,
in Southern Africa (G). The analysis for Europe (E) reflects a regular seasonal cycle, with exceptionally
dry conditions in winter of years 2011–2012 and 2014–2015, and exceptionally wet conditions during
short periods of spring 2012, winter 2013–2014 and end of 2015, as suggested by the analysis of the
interannual component. The dry anomaly in winter 2011–2012 has also been reported in previous
studies devoted to detection of agricultural drought [40,41]. The interannual component presents
also prominent fluctuations in North America Temperate (B), Southern Africa (G) and Australia (H).
In particular, the dry anomaly observed in North America Temperate (B) in 2012 reflects the strong
summer drought suffered in the contiguous US due to unusual high temperatures in spring and
summer 2012 combined with record low rainfall [42]. The analysis of North America Boreal (A)
exemplifies the non-negligible impact of temporal gaps in the decomposition procedure. The wet
peak measured by SMOS in October 2010 and followed by a short no-data is assigned mainly to the
subseasonal component. The same applies to the wet peak measured in October 2013, which is not
affected by the absence of data. In contrast, there is a no-data corresponding to the winter months
of the six annual cycles that are assigned to the interannual component. This reveals a limitation
of the method to correctly differentiate short-term from long-term variability in the extremes of
temporal gaps. This same effect was observed in initial tests conducted at target sites within Eurasia
Boreal, Eurasia Temperate and Asia Tropical (see Figure 1), which were discarded from the analysis.
Although we imposed an 80% minimum temporal coverage, the impact of no data in the time series
needs to be taken with some caution when interpreting overall results.

3.2. Comparison of SMOS, GLDAS-Noah, ERA5 and In-Situ at Target Sites

Time series of SMOS-based SM together with top 10 cm soil moisture GLDAS-Noah and top 7 cm
soil moisture analysis from ERA5 are shown in Figure 8. It can be observed that in regions C to H,
SMOS, GLDAS and ERA5 soil moisture time series are comparable in terms of temporal phase (Pearson
correlation of 0.7–0.9). In regions A and B, however, the SMOS observations are uncorrelated with the
uppermost soil moisture modeled estimates. This is mostly due to the presence of snow, which masks
satellite measurements and can also affect the uncertainty of model predictions. Further research is
needed in these areas of mutual disagreement to identify potential deficiencies in the satellite and/or
in the model estimates. Similar results were reported by a previous study comparing SMOS with
MERRA reanalysis [43]. Note that the correlation metric benefits from the seasonal cycle, which for the
period of this study is included. Correlation of time series at daily time scales lead to similar results
(not shown).

There are notable differences in the absolute values of satellite and modeled data (e.g.,
sites E and H), which remarks the need to use bias correction procedures when assimilating soil
moisture satellite observations in land surface simulations [44]. The assimilation of satellite data
in land surface models has proven to be a powerful technique to leverage from the two sources
of information. A recent study has shown that assimilating SMOS SM data into the Noah Land
Information System after bias correction significantly increased the anomaly correlation of modeled
top soil moisture estimates with station measurements [45]. Also, Pinnington et al. [46] showed that
assimilation of (bias-corrected) satellite rainfall and SM data had the greatest impact on model estimates
during the seasonal wetting-up and drying-down of the soil, respectively. While L-band satellites
have been designed for measuring soil moisture, land surface models have been designed for a much
wider purpose, including ecological, hydrological or climate applications. Modeled soil moisture
is generally highly sensitive to the meteorological forcing data used and the land surface model
encoded physics [47,48]. This makes comparison of absolute values of observed and modeled SM
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very challenging, and therefore studies generally focus on the comparison of SM temporal anomalies
(e.g., [19,20]), or even in the comparison of observed and modeled brightness temperatures directly
(e.g., [49]). The differences found between modeled and observed SM and also among different models
support the idea proposed here of leveraging from the natural soil moisture variability captured by
satellite observations as a reference for harmonizing SM climate data records so that they become
model-independent.

Figure 7. STL decomposition of the time series at the eight target locations (from Figure 1 and Table 1).
The smoothed SMOS signal (in black) is decomposed in its seasonal cycle (in blue), linear trend (dashed
green line), interannual variability (green), and residual component (red).

Ground-based soil moisture data from REMEDHUS (average of 17 in-situ stations) are also
included in Europe time series (Figure 8E). It can be seen that both satellite and models generally
capture the temporal dynamics measured by the in-situ sensors. A statistical analysis has been
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undertaken following the recommended performance metrics in [50]. Results are shown in Table 2.
The temporal correlation (R) and the unbiased Root-Mean-Squared difference (ubRMSD) between
the in-situ, remotely sensed and modeled SM are satisfactory (R > 0.85, ubRMSD < 0.003). As in the
previous analyses, it should be noted that the R metric benefits from the seasonal cycle, which for the
period of this study is included. In terms of accuracy, SMOS shows a low dry bias of 0.02 while the two
models present a large wet bias of about 0.11 m3·m−3. As expected, the models capture reasonably
well the temporal dynamics but not the absolute magnitude [47]. The statistical scores when calculated
at daily time scales lead to similar results (not shown).

Figure 8. Time series of SMOS (in black), top 10 cm GLDAS-Noah (in green) and top 7 cm ERA5
(in blue) soil moisture at the eight target locations (from Figure 1 and Table 1). Target location E also
includes time series of collocated ground-based soil moisture (dashed line in magenta, average of
17 REMEDHUS in-situ stations).

Table 2. Statistical scores from comparison to in-situ at REMEDHUS (time series on Figure 8E): bias,
unbiased Root-Mean-Squared difference (ubRMSD) and Pearson correlation (R).

Bias (m3·m−3)(m3·m−3)(m3·m−3) ubRMSD (m3·m−3)(m3·m−3)(m3·m−3) R

SMOS −0.022 0.003 0.88
GLDAS-Noah 0.110 0.002 0.85
ERA5 0.116 0.003 0.91
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3.3. Temporal Mean and Variance of SMOS Soil Moisture Retrievals at the Global Scale

The temporal average global map of SMOS SM surface volumetric soil water content for the study
period (pixel average of SMtot in Equation (1)) is shown in Figure 9. The average conditions observed
during the study period exhibit a mode of 0.1 m3·m−3 (inset figure). It shows the expected spatial
patterns of SM, from the dry arid regions to the wet forested areas. Note that the average conditions
shown in areas with limited availability of data may not be representative (e.g., northern latitudes and
tropical Africa, see coverage map on Figure 4).

Figure 9. Global distribution of time-average soil moisture based on six years of SMOS observations,
starting in 1 June 2010. The inset figure is an estimate of its marginal probability density.

The global map of SMOS SM standard deviation for the study period (standard deviation of SMtot

in Equation (1)) is shown in Figure 10. As expected, areas with higher variability are concentrated in the
tropics, where there is a strong seasonality dominated by the position of the ITCZ [51]. Other areas with
strong variability include India and South-East Asia, strongly affected by Monsoon rainfall, and some
regions in the Southern Hemisphere like eastern Australia and South America that could be related to
ENSO. In particular, the high SM variability observed in the so-called Southeastern South America
(SESA) region can be explained by the intense summer precipitation over this region [52]. This pattern
has also been observed with satellite SM products derived from higher microwave frequencies and
climate models [53], and responds to strong land-atmosphere interactions in the region. The variability
observed in northern latitudes is probably due to imperfect detection of ice/snow and poor temporal
coverage (see Figure 4).

3.4. Analysis of the Dominant Features of Global Soil Moisture Variability

In this study we decomposed the total variance of the soil moisture signal (Figure 10) by breaking
it down into: (1) a seasonal component, (2) a long-term component, and (3) a high-frequency residual or
subseasonal component. The relative magnitude of each of these three components is shown as an RGB
triplet in Figure 11. It reveals the seasonal cycle is dominant in many tropical regions such as Brazil,
Central Africa, India and Northern Australia. Wet tropical forests such as the Amazon and Congo
exhibit high spatial heterogeneity in its dominant components, probably due to the combined effects of
human activities and climate variability. In contrast, the soil moisture variability in dry tropical forests,
including the savannahs south of Central Africa and several regions in Southwestern Brazil, is clearly
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dominated by seasons. Though dry tropical forests may receive several hundred centimeters of rain
per year, they have long dry seasons which last several months and vary with geographic location.
Forests in dry tropics show great diversity of phenological patterns and large interannual variation,
with predominance of deciduous tree species [54]. Our analysis indicates that L-band is capturing
the emissivity from the soil and the seasonal drought through the forested canopy. Two regimes can
be identified in Europe: whereas western countries are governed by seasonal variability, long-term
variability predominates in the eastern countries. In Australia, seasonality dominates the north and the
south-east, the eastern region is dominated by long-term variability and the western by subseasonal.
The Indo-Australian archipelago is also dominated by long-term variability. It is interesting to note
that subseasonal variability is predominant in regions where the SMOS signal has already a relatively
low variance (Figure 10) and is most likely influenced by noise such as the Sahara desert, the Arabian
Peninsula and Western Australia, i.e., where the noise is at least of the same magnitude that the annual
variance. Indeed, despite having carefully filtered the data, some of the SMOS retrievals in Asia and
Europe may still be affected by undetected RFI contamination [27]. Also, results may be affected by
the intrinsic uncertainty of microwave satellite SM retrievals, which is higher in presence of dense
vegetation canopies, heterogeneous landscapes, and high topography [6,11,55].

Figure 10. Global map of SMOS soil moisture standard deviation for the six-year period of this study.
The inset figure is an estimate of its marginal probability density.

The linear trends within the long-term variability component are further examined in Figure 12.
The linear trends observed in the SMOS signal illustrate the ENSO conditions during the six-year study
period. During the first five annual cycles -from 2010 to 2015- the equatorial Pacific Ocean was mostly
in a cold phase (La Niña); however, a warm event (El Niño) occurred during the last cycle (i.e., in 2016).
This explains why SMOS-derived linear trends reproduce known ENSO teleconnection spatial patterns.
During El Niño, limitations in terrestrial moisture supply result in vegetation water stress and reduced
evaporation in eastern and central Australia, southern Africa and Eastern South America (areas in
red). The contrary situation is experienced in Argentina, Tanzania and southeastern US (areas in blue),
where there is a regime of above-average rainfall. This result is in line with a previous study that
showed that multi-decadal (1980–2011) variability in SM and terrestrial evaporation was dominated by
ENSO dynamics [56]. The linear trends in Figure 12 also provide evidence of strong dry/wet patterns
in regions which have not been previously related to ENSO precipitation patterns (e.g., western Europe,
Northern Africa, California). Still, results should be taken with caution, and further analysis of the
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long-term variability is needed to identify new climate patterns at short and median temporal scales.
Investigating the relation of ENSO to global soil moisture variability and the existence of potential
new teleconnection patterns is recommended for future research.

Figure 11. Distribution of the total SMOS variance among the long-term (green), seasonal (blue) and
subseasonal (red) components, expressed in per cent of the total variance, indicating the dominant
models of temporal variability in soil moisture for different regions. Each vertex in the triangle
corresponds to 100%. Empty areas correspond to locations with less than 80% SMOS temporal coverage
that have been masked out.

Figure 12. Magnitude of linear trends in the SMOS signal (expressed in m3·m−3·year−1). The trends
reflect that during the SMOS period (2010–2016) the equatorial Pacific Ocean was mostly in a cold
phase (La Niña) with a transition to a warm phase (El Niño) in 2015–2016.
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4. Discussion and Final Remarks

The two first space missions dedicated to measuring the Earth’s surface soil moisture have
been launched in the last decade: SMOS in 2009 and SMAP in 2015. They are providing
L-band measurements that, combined with C- and X-band measurements available since the 1980s,
allow generating, for the first time, observational soil moisture climate data records combining the three
microwave frequency bands. However, the synergies of microwave measurements across different
frequencies and the potential of the L-band data record to serve as a common reference to harmonize
the long-term data record have not yet been fully exploited. This study presents first evidence that the
relatively short data record of available SMOS L-band observations allows characterizing the main
modes and spatial distribution of the Earth’s surface soil moisture variability. This information could
serve as a reference to harmonize and construct a model-independent SM climate data record. In its
current version, the ESA CCI soil moisture product uses a climatology obtained from GLDAS-Noah to
harmonize the individual products for the 40-year period of record. However, given the differences
found between modeled and observed SM, and among SM from different models, there is a clear need
for a SM climate data record based solely on observational data sets. Such a record will be instrumental
to verify land surface model performance and trends.

This study is a first attempt to derive a global L-band climatology from observational data alone.
The STL geostatistical procedure was implemented and tailored to the first six annual cycles of SMOS
data to decompose the temporal variability of the signal. For the period of study (2010–2016) this
analysis allowed identifying regions where soil moisture variability was dominated by seasonal cycles,
regions that did not exhibit a clear seasonal pattern and with likely subseasonal variability, and regions
where the long-term variability dominated. Results show that the seasonal cycle was dominant in the
tropics (Brazil, Central Africa, India and Northern Australia), and in dry tropical forests, including
the savannahs south of Central Africa and several regions in Southwestern Brazil. Wet tropical
forests, in turn, exhibited high spatial heterogeneity in its dominant components, probably due to
the combined effects of human activities and climate variability. In Europe, western countries were
governed by seasonal variability whereas the long-term variability predominated in the eastern
countries. In Australia, seasonality dominated the north and the south-east and the eastern region was
dominated by long-term variability. Interestingly, in regions where SMOS has very limited variance
(e.g., Sahara desert, Arabian Peninsula, Western Australia), the subseasonal or residual component
was dominant. This is probably due to the fact that the noise of the observations is at least of the same
magnitude that the annual variance and the dominant variability is identified as noise. During the
study period (2010–2016), the equatorial Pacific Ocean was mostly in a cold phase until 2015–2016
when there was a transition to a warm phase. The observed global linear trends, based upon the
strong El Niño event in 2016, are shown to be consistent with the ENSO teleconnections calculated
over multiple events.

This study has demonstrated that L-band observations provide a reliable source of data to monitor
the distribution of shallow water content in continental surfaces from space platforms. However,
this study cannot conclude on the presence of a clear climate trend in the water content of the soil
and results should be taken with caution, since they are limited by the length of the L-band data
record available (∼8 years vs. the 30 years which are generally considered for climate studies). Still,
our results are consistent with a previous study that showed that multi-decadal (1980–2011) variability
in SM and terrestrial evaporation was dominated by ENSO dynamics [56]. Also, there are relevant
studies considering the trends of SM and terrestrial evapotranspiration at scales smaller than 30 years
(e.g., 10 years in [57]).

Our results showed that the STL procedure, after adequate parameterization, was a solid means
to build a soil moisture climatology based solely on the temporal dynamics of the data. Yet, it would
be recommendable to assess in future research the additional benefits of using techniques exploiting
the temporal and spatial components of the data (e.g., [24,58,59]). The global STL parameterization
was thoughtfully chosen after an analysis at 8 selected sites with distinct vegetation seasonality and
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climatic conditions. However, they do not likely cover each climate on the Earth continents and may
not be optimal under specific conditions (e.g., areas where small SMOS variance is dominated by
noise). A comparison with modeled GLDAS-Noah and ERA5 soil moisture reanalysis in the selected
sites, and with in-situ data at the REMEDHUS site (Europe), provides confidence in the obtained
results. The exception is in areas where the presence of satellite data gaps -although limited to 20%
of the study period- leads to mutual disagreement of model and satellite estimates. It should be
noted that the presence of observational data gaps in the satellite time series can potentially bias
the obtained climatology and severely limit the applicability of the method to Northern latitudes,
where seasonal snow masks soil emissivity and soil moisture retrievals cannot be performed. In this
regard, recent studies on the use of Gaussian process regression techniques to mitigate the effect of
missing information in Earth observation data are very promising (e.g., [60]).

This work has shown that the relatively short SMOS data record allows providing insight into the
dominant modes of temporal variability in the Earth’s surface soil moisture. Also, although previous
studies have shown some weaknesses of SMOS retrievals (e.g., [11,27,55]), the good correlation
obtained with ERA5 modern reanalysis and GLDAS-Noah indicates that an L-band climatology, such as
the one proposed in this study, is a reasonable reference to be used for a climate data record exclusively
based on remote sensing data. The presented SMOS-based climatology offers a unique view of recent
processes governing freshwater fluxes in the water cycle, and allows observing specific phenomena,
as the different variability regimes present within the Amazon and Congo basins and the dominance
of the interannual variability in wide regions within Europe, United States, Eastern Australia and
South America. It also opens the path to forthcoming studies focused on the analysis of the interannual
variability and the impact of ENSO in areas that have not been documented so far.
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