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Abstract

Several remotely sensed sea surface salinity (SSS) retrievals with various resolutions from the soil moisture and
ocean salinity (SMOS) and Aquarius/SAC-D missions are applied as inputs for retrieving salinity profiles (S) using
multilinear regressions. The performance is evaluated using a total root mean square (RMS) error, different error
sources, and the feature resolutions of the retrieved S fields. In the mixed layer of the salinity, the SSS-S regression
coefficients are uniformly large. The SSS inputs yield smaller RMS errors in the retrieved S with respect to Argo
profiles as their spatial or temporal resolution decreases. The projected SSS errors are dominant, and the retrieved
S values are more accurate than those of climatology in the tropics except for the tropical Atlantic, where the
regression errors are abnormally large. Below that level, because of the influence of a sea level anomaly, the areas
of high-accuracy S values shift to higher latitudes except in the high-latitude southern oceans, where the projected
SSS errors are abnormally large. A spectral analysis suggests that the CATDS-0.25° results are much noisier and
that the BEC-L4-0.25° results are much smoother than those of the other retrievals. Aquarius-CAP-1° generates
the smallest RMS errors, and Aquarius-V2-1° performs well in depicting large-scale phenomena. BEC-L3-0.25°,
which has small RMS errors and remarkable mesoscale energy, is the best fit for portraying mesoscale features in
the SSS and retrieved S fields. The current priority for retrieving S is to improve the reliability of satellite SSS
especially at middle and high latitudes, by developing advanced algorithms, combining both sensors, or weighing

between accuracy and resolutions.
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1 Introduction

Two innovative satellite missions have recently been de-
signed to measure sea surface salinity (SSS) from space: SMOS
(soil moisture and ocean salinity) and Aquarius/SAC-D. The
SMOS satellite was launched in November 2009 (Kerr et al., 2010)
and is the second earth explorer opportunity mission of the
European Space Agency (ESA). Its goal is to produce SSS fields
with an accuracy of 0.1-0.2 with a spatial resolution of 200
kmx200 km every 10 d or with a resolution of 100 km x100 km
every month. The Aquarius/SAC-D mission was launched in June
2011 (Le Vine et al., 2010) and is a joint effort between the Na-
tional Aeronautics and Space Administration (NASA) and the Ar-
gentinian Space Agency CONAE (Comisién Nacional de Activid-
ades Espaciales). It is intended to generate monthly averaged SSS
at a spatial resolution of 150 km with an accuracy of 0.2. With
their unprecedented large-scale coverage, frequency, and accur-
acy, the salinity data from these two missions are expected to
provide important new insights into oceanographic processes,
the hydrological cycle, and climate and greatly expand upon the
limited number of past measurements.

The remotely sensed measurements of the sea surface tem-
perature (SST), the sea surface height (SSH), and the SSS provide

global high-resolution observations; however, they cannot dir-
ectly estimate the ocean’s internal structures. In contrast, in situ
observation systems such as Argo can reveal the ocean’s interior
dynamics but only at large-scale and low-frequency resolution
and thus undersample the ocean’s thermohaline variability. Con-
sequently, several studies have been devoted to investigating the
coupling between sea surface signals and vertical structures in
the ocean and extrapolating vertical profiles from satellite meas-
urements, which result in reconstructed fields with both high
spatio-temporal resolution and reasonable accuracy. These
methodologies include a linear regression (Fox et al., 2002;
Guinehut et al., 2004, 2012; Buongiorno Nardelli et al., 2012), a
single empirical orthogonal function (EOF) reconstruction
(sEOF-R) (Carnes et al., 1994), a bivariate EOF reconstruction
(Maes and Behringer, 2000), a multivariate EOF reconstruction
(mEOF-R) (Buongiorno Nardelli and Santoleri, 2005), a coupled
pattern reconstruction (CPR) (Buongiorno Nardelli and Santol-
eri, 2004), a gravest empirical mode (GEM) method (Meinen and
Watts, 2000; Mitchell et al., 2004), and intelligent methods such
as genetic algorithms (GA) (Agarwal et al., 2007) and neural net-
works (NN) (Ballabrera-Poy et al., 2009; Wu et al., 2012).

The newly available satellite SSS information could be used as
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one of the surface inputs. However, the performance of SSS ob-
servations in retrieving vertical temperature and salinity profiles
(T/S) has never been evaluated using data from the two recent
missions. Many studies have focused on the role of surface meas-
urements in retrieving profiles or on the sensitivity of retrieval
methods to surface errors. In these studies, the SSS measure-
ments were obtained only from drifting/moored buoys (Buon-
giorno Nardelli and Santoleri, 2005), Argo floats (Agarwal et al.,
2007; Ballabrera-Poy et al., 2009), or the merging of remotely
sensed SST and in situ observation-based SSS data (Wu et al.,
2012; Buongiorno Nardelli et al., 2012). It should be emphasized
that simple/ideal error analysis, such as adding random white
noise to the in situ surface values that are used as inputs for the
vertical reconstruction, appears to be inadequate because the
fully independent remotely sensed SSS data from the SMOS or
Aquarius missions are contaminated with various types of errors,
and there are still many uncertainties about their effective accur-
acy and geographic error distribution. For example, the SSS er-

Table 1. Summary of the considered SSS retrievals

rors for the SMOS mission potentially stem from the instrument’s
observations, brightness temperature (Tb) reconstruction, salin-
ity retrieval, and gridding processing and differ by region (Font et
al., 2010; Jorda and Gomis, 2010), which complicates the practic-
al application of SSS data. Even in the prototypal system that was
recently developed within MESCLA (Buongiorno Nardelli et al.,
2012), the SSS fields that are used as inputs are based on in situ
observations (Buongiorno Nardelli, 2012). This study makes the
first attempt to apply purely remotely sensed SSS observations at
the global scale and at different resolutions to retrieval technolo-
gies and subsequently evaluates their performance.

2 Overview of SSS products

Global products that cover the period from 2011 to 2012 with
at least monthly resolution were selected. Five types of version
2.0 SSS retrievals from the SMOS and Aquarius projects that meet
the requirements are shown in Table 1.

Product name Spatial resolution/(°) Temporal resolution Input data Remapping method Start time
SMOS-CATDS L3 0.25 10d Llb simple averaging May 2010
0.50 10d
1.00 10d
0.25 monthly
0.50 monthly
1.00 monthly
SMOS-BEC L3 0.25 monthly 0.25° grid optimal interpolation Jan. 2010
binned L2
SMOS-BEC L4 0.25 monthly 0.25° grid singularity analysis Jan. 2010
binned L2
Aquarius v2.0 L3 1.00 monthly L2 simple averaging plus local ~ Sep. 2011
polynomial smoothing
Aquarius v2.0 CAP 1.00 monthly L2 of CAP simple averaging Sep. 2011
algorithm

2.1 SSS processing of SMOS versus Aquarius
The common processing levels and main differences of the
two missions are briefly reviewed below.

2.1.1 Level 1 processing

At Level 1 (L1), brightness temperature (K) values are meas-
ured. This is performed by measuring microwave emissions from
the sea surface and correcting for other natural emission sources
and sinks.

The SMOS carries a single payload called the microwave ima-
ging radiometer using aperture synthesis (MIRAS), which is a 2-D
interferometric radiometer with multiangular and dual-polariza-
tion (or full-polarization) that operates at 1.413 GHz. The 69 an-
tennas in the MIRAS instrument synthesize a full image every 1.2
s from the intercorrelations of the simultaneous antenna meas-
urements. The resulting field of view (FOV) covers a width of ap-
proximately 1 000 km at an average spatial resolution of 43 km.
Thus, the signals from many small antennas are synthesized to
achieve the resolution of a large antenna by observing the same
grid point in the FOV at several incidence angles (0°-65°) and po-
larizations. The Aquarius instrument consists of three radiomet-
ers that detect surface emissions to measure the salinity and a
scatter meter to simultaneously detect the ocean waves used in
the sea surface roughness corrections. The three radiometers
measure radiation at vertical and horizontal polarizations at
1.413 GHz and are aligned with a 2.5 m diameter antenna reflect-
or to generate three fixed beams at several angles (28.7°, 37.8°,

and 45.6°) to the sea surface. The three beams range in size from
90 to 150 km and form a 390 km wide swath. Thus, the SMOS and
Aquarius sensors have different radiometer architectures (e.g.,
number of receivers; incidence angles), operation principles
(e.g., interferometric vs. Dicke radiometer; Stokes parameters
measured), swath coverage (=1 000 km vs. =390 km), spatial res-
olutions (=40 km vs. =100 km), and revisit time (3 d vs. 7 d). Asa
result, the SMOS resolution is higher than Aquarius’, with each
location on earth seen by the SMOS under a wide range of incid-
ence angles. On the other hand, Aquarius has a few advantages
over the SMOS: its radiometric sensitivity is much better (=0.12 K
over 1.44 s integration time), it has the advanced radio frequency
interference (RFI) filtering by using very short time integration
subsamples (of the order of 10 ms), it uses a scatterometer to help
with the correction of the surface roughness effects, and its
beams point towards the night side of the earth to avoid a sun
contamination.

Differences also exist in a brightness temperature calibration
and correction. Both SMOS and Aquarius use the correlated and
uncorrelated noise injection as an internal calibration and use
the cold sky as an external calibration. But for Aquarius, addi-
tionally, a vicarious calibration is performed using models over
the ocean, Antarctica, and Amazon rainforest. After calibration,
some corrections are applied to the brightness temperature to
obtain the signal from the earth surface and to filter the contribu-
tions from celestial bodies (a galaxy, the sun, and the moon). The
main difference is that Aquarius brightness temperature is cor-
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rected for both direct and reflected celestial contributions while
the SMOS brightness temperature is only suffered to reflected
corrections.

Besides the contributions of the Faraday rotation, the celesti-
al, the atmosphere, and the brightness temperature bias, the er-
rors related to the radiometric sensitivity are expected to be the
most important errors in the L1. The sensitivity of the brightness
temperature to the SSS is low and depends on the incidence and
the polarization as well as the SST (0.5 K at 20°C and 0.3 K at 5°C).
It differs for the two sensors and thus leads to different noise
levels in the calibrated brightness temperature. As reported in
Pablos et al. (2014), the noise level [standard deviation (STD) di-
vided by mean] of the Aquarius brightness temperature varies
from 0.2% to 0.4% over sea while the SMOS brightness temperat-
ure noise varies from 1.3% to 2.5%. In addition, the difference
between the SMOS brightness temperature and the Aquarius
brightness temperature is found to be target dependent. Aquari-
us is systematically measuring warmer brightness temperature
than the SMOS; the difference is higher over land targets (=5-8 K)
and decreases over colder targets (=3-5 K over ice, ~0.1-0.3 K
over sea). This indicates there may be a nonlinear effect between
the two radiometers, and not only a bias (Dinnat et al., 2014).

2.1.2 Level 2 processing

At Level 2 (L2), the acquired brightness temperature can be
transformed to the SSS. The brightness temperature is related to
the seawater’s dielectric properties through the dielectric func-
tion, and these properties are modulated by the salinity to a cer-
tain extent at lower microwave frequencies (e.g., L-band, 1.413
GHz). Thus, the brightness temperature can be expressed as a
function of the SSS. A simple least-squares regression can thus
minimize the differences between the brightness temperature
measurements and its values simulated by the forward model.
The forward model considers the target variables, such as SSS,
SST, and wind, in addition to the known parameters, which in-
clude the incidence and azimuth angles and possibly other
roughness descriptors depending on the roughness model that is
used. It also requires auxiliary information, including the back-
ground SST, wind speed (WS) and/or wind direction (WD), as
initial physical constraints.

There are notable differences in the way this retrieval is per-
formed by both missions. First, their forward models use differ-
ent parameterizations for the dielectric constant. The SMOS uses
the dielectric constant model by Klein and Swift (KS). Aquarius
uses a more recent model developed by Meissner and Wentz
(2012). Second, they use different roughness description inform-
ation (as well as roughness models). For the SMOS, the informa-
tion, including the WS and the WD, are taken from the European
Centre for Medium-range Weather Forecasts (ECMWEF) or the
National Centers for Environmental Prediction (NCEP). For
Aquarius, in addition to the WS and WD from the NCEP, the in-
tegrated scatterometer is used to measure simultaneous oceanic
backscatter to improve the roughness correction. Thirdly, they
use different ancillary data as input. The reference SSS is the
WOA 2009 for the SMOS and the hybrid coordinates ocean mod-
el (HYCOM) for Aquarius. Finally, the domain (space, time, refer-
ence frame) where the retrieval is performed differ. For the
SMOS, the comparison concerns the brightness temperature in
the antenna reference frame over a small region of the Pacific
Ocean. For Aquarius, the comparison concerns antenna temper-
atures (i.e., including the Faraday rotation, celestial, atmosphere
effects, and antenna pattern) and are performed globally.

At this stage, the errors are generated by the geophysical bias

introduced by the forward model and the errors in the auxiliary
data. Other geophysical factors that are expected to have an im-
pact on the SSS errors are the sea state (waves and swell), foam,
surface currents, or rain. The largest single error source is the sea
surface roughness effects caused by wind and waves. As reported
in Dinnat et al. (2014), the SMOS dielectric constant model, com-
pared with the Aquarius one, shows improved agreement with
the Argo data in the latitude band around approximately -45°
and in a few coastal areas, but shows a significant degradation
around approximately -60° and for waters colder than 3°C. The
differences in their ancillary SSS products could explain biases of
up to 0.1, varying in time. It means, regardless of the roughness
effects, both missions have their own strengths and weaknesses
in retrieval methods depending on latitude, temperature, and
time. As for the roughness correction, it has been demonstrated
that use of active in addition to passive L-band measurement re-
duces the root mean square (RMS) error of the SSS by about 40%
(Meissner et al., 2014). This gives Aquarius a clear advantage over
the SMOS. Retrieval methods also differ for the various SSS
products within the same mission, which will be described below.

2.1.3 Level 3 processing

At Level 3 (L3), the large amounts of noisy L2 data are used to
generate the gridded products. The errors in the measured
brightness temperature are estimated to be approximately 1 K,
and thus the RMS error for a single SSS retrieval is expected to be
greater than 1.0. However, the spatial and temporal resolutions of
the SSS data will be quite high. In this stage, the large amount of
data obtained by the satellite is synthesized, and a description of
the SSS is generated with fields of higher accuracy than the L2
data. Several synthesis methods have been developed for the dif-
ferent SSS products and are described separately for two mis-
sions below.

2.2 SMOS retrievals

The SMOS SSS retrievals with various resolutions from two
data centers are used.

The CATDS/CEC-0S SMOS Level 3 SSS research products
(SMOS-CATDS for short) are computed by the Ocean Salinity Ex-
pertise Center (CEC-0S) of the CNES-IFREMER Centre Aval de
Traitemenent des Donnees SMOS (CATDS) at IFREMER, Plouz-
ane (France) (covering 2010-2012, Version 2.0), and are distrib-
uted in NetCDF format (ftp://user:password@eftp.ifremer.fr/sa-
linity). The inputs are the ESA first reprocessing (2010-2011) or
operational (2012-present) L1B data. The first Stokes brightness
temperatures at the surface level are estimated from those at the
XX and YY antenna polarizations (and thus are not affected by
Faraday rotation) and are then subjected to incidence angle bin-
ning, down sampling, and gridding separately for the
ascend/descend passes at 25 km resolution on a daily interval.
After being improved by taking into account the instrument er-
rors (calibration) and spatio-temporal variability of the data
(geophysical, RFI), the aggregated brightness temperatures can
be used to retrieve the SSS. A small slope approximation model is
used for the roughness correction (Johnson and Zhang, 1999).
The L3 is obtained via a simple average after thorough filtering of
inconsistent SSS data (interorbit consistency check) and is based
on more consolidated auxiliary data than the ESA L2 data be-
cause it has lower operational constraints. Six products with dif-
ferent resolutions are considered: 10 d composites at 0.25°, 0.50°,
and 1.00° resolutions and monthly composites at 0.25°, 0.50°, and
1.00° resolutions.

Two of the products are produced monthly on a 0.25° grid at
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the SMOS Barcelona Expert Center (SMOS-BEC): the optimally
interpolated (L3) and the fused (L4) products (SMOS-BEC L3 and
L4 for short). These products are distributed by the SMOS Levels
3 and 4 Production and Distribution Centre (CP34) at the BEC in
the NetCDF format (http://cp34-bec.cmima.csic.es). They are
computed from the L2 salinity data of the ESA 2012 and 2013 re-
processing campaigns. The quality flags and descriptors in the L2
files allow unreliable SSS values to be discarded using geophysic-
al filters, retrieval filters, and geometrical filters. All of the L2
products developed at the BEC are based on a semiempirical
roughness model (Guimbard et al., 2012).

The SMOS-BEC L3 data are produced by optimally interpolat-
ing 0.25°x0.25° grid binned L2 SSS data. The monthly WOA 2009
is used as the background field. Validation with near-surface
Argo measurements demonstrated that the implementation of
the objective analysis significantly improves the accuracy of the
data with respect to simply binned maps.

The SMOS-BEC L4 data are obtained with a singularity ana-
lysis-based fusion technology (Turiel et al., 2009). A high quality
variable, such as SST (Tg), can be used as a template to restore
the multifractal structure of the singularity fronts in noisy vari-
ables, such as SSS (Sgg). It follows the local relationship: Sqg=
axTge+b, where a and b are the local slope and intercept coeffi-
cients, respectively. Singularity analysis-based fusion can be used
not only to improve the signal level but also to increase the spa-
tial and temporal resolution of the fused maps provided that the
SST has the target spatio-temporal resolutions.

Three different roughness models are run in parallel for the
SMOS. The first two are theoretical, one of which is used in the
SMOS-CATDS (Model 2), while the third one is semiempirical
that is used in the SMOS-BEC (Model 3). These models roughly
agree on a linear increase of emissivity with the WS for low and
medium wind conditions, but well differ in describing the
emissivity modification under intense wind conditions. Some
studies illustrated that the SSS bias and STD error are much
lower for the Model 3 as compared with the Model 2 for winds
higher than 12 m/s, and are very similar for both models at the
WS below 12 m/s (Guimbard et al., 2012). However, other simple
comparisons against in situ measurements showed slightly bet-
ter performance of the SSS retrievals based on the Model 1 than
those based on the Models 2 and 3 (Xie et al., 2014).Thus, a more
robust validation of different roughness models of the SMOS will
be necessary in the future.

2.3 Agquarius retrievals

Two monthly Aquarius SSS retrievals on a 1° grid from two
data centers are used.

The Aquarius validated (Version 2.0) L3 data (Aquarius V2.0
L3 for short), which are in HDF5 format, are produced by the
NASA Goddard Space Flight Center (NASA/GSFC) (ftp://podaac-
ftp.jpl.nasa.gov/allData/aquarius/). They are gridded files ob-
tained by remapping L2 orbital SSS data onto a 1° grid, and the
values represent the monthly average at each grid cell. For the L2
salinity retrieval, a surface roughness model based on actual
post-launch Aquarius observations was developed (Meissner et
al., 2012) in which scatterometer cross-section measurements
and NCEP WS and WD fields are used together to generate the
roughness correction. After the L3 remapping, a local polynomi-
al smoothing method is used to smooth this retrieval.

The Aquarius V2.0 CAP L3 data (Aquarius V2.0 CAP L3 for
short), which are in NetCDF format, are produced by the NASA
Jet Propulsion Laboratory (NASA/JPL). In the CAP version, to re-
move the dependence on the NCEP WD as in the standard

product, a combined active-passive (CAP) algorithm (Yueh and
Chaubell, 2012) is developed to simultaneously retrieve the salin-
ity and the wind. Unlike the standard algorithm which fully uses
the NCEP wind for data correction, the CAP algorithm uses the
NCEP wind only as a constraint. In addition, the CAP algorithm
does not require monthly climatology SSS maps for the salinity
retrieval. Besides, this analysis is not subject to the additional
smoothing procedure.

The standard and CAP algorithms have their own strengths
and weaknesses. However, it has been reported that, in addition
to areduction in the zonally averaged biases, the CAP algorithm
improves the RMS error by 13% over the standard version (Re-
agan et al., 2014) and performs more consistently with the sea-
sonal variation (Yueh et al., 2014) when compared with in situ
SSS. Thus it can be demonstrated that using the combined pass-
ive/active L-band WS from Aquarius instead of NCEP WS leads to
a significant improvement in the SSS accuracy.

2.4 Other products and data pre-processing

2.4.1 Insitu (-based) and altimeter products

The in situ profiles are taken from the CORA3 data set of the
Coriolis data center (http://www.coriolis.eu.org). Only Argo pro-
files that contain both temperature and salinity (used to calcu-
late a gravitational potential anomaly, i.e., GPA) and that are val-
id to depths of 1 000 m are selected. These observations are pre-
processed according to the Argo recommendations for a data
quality control and are interpolated to standard levels. They are
then used as training data (2000-2010) to compute the statistics
that relate the surface and subsurface fields, as test data to re-
trieve S, and as independent validation data (from September
2011 to December 2012).

The ARIVO data set is monthly fields defined on a 0.50° Mer-
cator grid from the surface to 2 000 m on 151 vertical levels
(http://www.ifremer.fr/lpo/files/isas_globanal3/). They are
computed using all available in situ profiles and an optimal inter-
polation method for 2004-2010 (delayed time) and 2011-2012
(near-real time). The monthly gridded fields averaged from 2004
to 2010 are used as climatology monthly means to compute the S
anomalies. The fields from 2012 are used for comparison with the
retrieved S fields in the qualitative analysis.

An altimeter sea level anomaly (SLA) product with daily and
0.25° resolutions was produced by Ssalto/Duacs and distributed
by Aviso with support from CNES (http://www.aviso.oceanobs.
com/duacs/). The SLA fields are recalculated using the 7 a time
mean from 2004 to 2010. The steric components of the SLA are
extracted using regression coefficients from a study that com-
pared the in situ and altimeter observations (Guinehut et al.,
2006). The SLA maps are combined over the SSS composite peri-
od (10 d or 1 month) and are remapped on the SSS grids (when
necessary) using bilinear interpolation. The SLA data from
September 2011 to December 2012 are used for the test.

2.4.2 Data preprocessing

To reduce the errors due to salinity stratification, first, only
Argo profiles with an uppermost depth less than 5 m were selec-
ted. Then, for three standard layers, i.e., 0, 5, and 10 m, three in-
terpolation methods, i.e., cubic polynomial, cubic spline and
Akima interpolations, were implemented at the same time. The
average of the values from all the three (the first two) methods
were taken as the final values for 5 m and 10 m layers (0 m layer);
on each layer, if any interpolated value was far from the average
more than 5%, the corresponding profile would be removed.
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To consider only non-rainy conditions, the Argo profiles were
removed if with rain events in a collocation radius of 100 km and
5 d. That is, for one profile, if the rain rates around it within a spa-
tial radius of 100 km and a temporal interval of 5 d were greater
than 0.1 mmy/h, this profile would be removed.

The in situ and satellite observations coincide in time and
space in this way. First, if the average time window of a satellite
SSS map (e.g., from 1 May to 31 May for a monthly map of May
2011) covered a profile’s date (e.g., 7 May), the satellite SSS map
and the in situ salinity profile would be taken as temporal match-
ups. Then, for a pair of temporal matchups, the satellite SSS value
on the grid (i.e., 0.25°, 0.50°, or 1.00° grids) the closest to the pro-
file’s position (e.g., 12.4°N, 117.6°W) was selected as the spatial
counterpart of the profile salinity.

This salinity stratification between the first centimeter of the
surface layer sampled by satellites and the ~5 m depth sampled
by ARGO, as well as this rain effect and spatial/temporal dis-
placement, have been cited as potential sources of error in valid-
ation of satellite-based SSS. However, most studies agree that the
existing global Argo array provides sufficient data for large-scale
validation of SMOS/Aquarius SSS. Drucker and Riser (2014)
proved that the errors due to spatial and temporal displacement
and the depth of measurement are insignificant for global valida-
tion of Aquarius, and errors due to heavy precipitation events
contribute less than 0.03 bias in the tropics and 0.025 globally as
they occur infrequently, though causing stratification greater
than 0.1 during their lasting of approximately 2-8 h. One study on
the signature of rainfall on the salinity from SMOS and the salin-
ity from surface drifters measurements of 45 cm below the sur-
face both find the decrease associated with rainfall of approxim-
ately -0.2 mm/h, indicating their insignificant discrepancies
(Boutin et al., 2014). Other studies demonstrate that rain can only
cause scene-averaged salinity offsets that are as large as the ac-
curacy goal for Aquarius of 0.1x10-3 (Asher et al., 2014). So, after the
preprocessing, we have considered that the Argo measurements
are representative of the “real” SSS field. Although this is not stri-
ctly true, the assumption is not too strong as to invalidate the results.

3 Methods

3.1 Method 1: multilinear regression

The linear regression method used to retrieve vertical profiles
was first proposed by Guinehut et al. (2004) using simulated data
sets. The method was applied by Larnicol et al. (2006) using real
regional observations and by Guinehut et al. (2012) using real
global observations and was recently expanded by Buongiorno
Nardelli et al. (2012) to integrate SSS products and to increase the
effective resolution of the SST products. On the basis of the 3-D
thermohaline fields synthesized using this method, a global 3-D
geostrophic ocean circulation was estimated using the thermal
wind equation (Mulet et al., 2012), and the evolution of a meso-
scale cyclonic eddy was described using inviscid, adiabatic, semi-
geostrophic diagnostic equations (Buongiorno Nardelli, 2013).

The subsurface salinity at a given position can be estimated
using a multiple linear regression:

0S(z) = A(z)daq + 6(2)dSss, 0

where J denotes anomalies with respect to monthly climatology;
Aand 6 are regression coefficients of the SLA and the SSS onto the
salinity, respectively; and a denotes the SLA and Sgg is SSS.
These parameters vary with depth, location, and time (only
depth, z, dependency is shown for clarity) and can be expressed

as covariances between the variables:

<(5Sss7 (5835) . <6asl7 (SS(Z» — <5asl7 (5sSs> . <5Sss, 5S(Z)>

AMz) = 5
(0agq, dag) - (6Sss, 0Sss) — (dag1, 6Sss)

)

_ {dag, dag) - (0Sss, 0S(2)) — (dag), 6Sss) - (das, S (2))
0(z)= 3 v ()
(0aq, dag) - (0Sss, 0Sss) — (daq, 0Sss)

where <a, b> is equivalent to a'b/n, and n is the number of samples.
The seasonal regression coefficients (1 and ) are computed
on each 1° grid using all of the historical (2000-2010) in situ ob-
servations in a radius of influence of 5° latitude and 10°-25° lon-
gitude to reach a minimum of 500 profiles (Guinehut et al., 2012).
The forecast variance (i.e., signal variance), the regression
variance, and the error variance are as follows, respectively:

ot (z) = (38(2), 88 (2)) , Q)
07 (2) = Nz) (daq, 08 (2)) + 6(2) (Sss, 08 (2)) , ®
oe(2) = ot (2) — o7 (2). (6)

The unbiased estimate of the explained variance (EV, i.e., the
ratio of the regression variance to the forecast variance) is

Vi(e) = R2(2) = 02(2)/ 3(2)
[/ D1- @R, O

where V, is the EV; and r is the number of regression variables
and is equal to 2 here.

3.2 Method 2: multivariate EOF reconstruction

The mEOEF-R technology was proposed by Buongiorno Nar-
delli and Santoleri (2005) and applied by Buongiorno Nardelli et
al. (2012) to create a high-resolution observation-based product.
It is based on the multivariate EOF analysis of the vertical pro-
files of temperature, salinity, and gravitational potential (P) (i.e.,
T, S, P,) and on the assumption that only a few modes are needed
to explain most of the variance/covariance of the fields.

First, a 3mxn multivariate observation matrix Xis construc-
ted from the temperature, salinity and P data sets, which are all of
mxn dimensions, and where 7 is the profile number, and m is the
vertical level number. The data are normalized by dividing each
parameter by its STD across the entire profile, and the mean pro-
files are preliminarily subtracted to obtain the anomalies. The
columns of this matrix consist of the three normalized temperat-
ure, salinity and P anomalies, which are each taken at the same
location.

T(O tl) T(O, tZ) T(07 ln)
T(:zm, t) T(z,;,, t2) T(z,:h tn)
S(0,t) 5(0, 1) S(0,t,)
X = 5 : : ®)
S(zm t1)  S(zm, t2) S(zm, tn)
Pg(0, 1) Pg(0,15) Pg(0, t,)
L Pg.(zm7 t) Pg(z;,,, 23] Pg(z,:n7 tn) |

Singular value decomposition (SVD) is then performed on the
3 mxn multivariate observation matrix to identify several (V)
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multicoupled modes, each of which contains three patterns (L,
M,, N,) that correspond to the three parameters being considered.
The T, S and P can thus be expanded in terms of the three series
of patterns with the same amplitude (a,) for all parameters:

N
T(z,0) = Y a(t)L(2)
p
N
S(z,t) = > a(t)Mi(z) - ©)
p
Pg(z,t) = ) _ar(t)Ni(z)
p

Here, the construction of the 3mxn multivariate observation
matrix and the implementation of the SVD are performed using
historical (2000-2010) in situ observations. The modes (L, M,,
N,) are identified for each 1° grid using all of the observations in
an radius of influence that is the same to that used for the regres-
sion coefficients of Method 1.

Buongiorno Nardelli et al. (2012) show that mEOF-R provides
the smallest RMS errors when only two modes are considered.
Thus, with these expansions limited to the first two modes, the
salinity can be estimated from the surface salinity and from the
gravitational potential values (z = 0) by solving the system for a,
and a, and substituting them into the truncated expansions:

ax(H)N(0) = Py (10)

ai(t)M1(0) + ax(t)M2(0) = S(0, 1)
+ 0,¢) [°
The univariate/bivariate EOF reconstructions (Carnes et al.,
1994; Maes and Behringer, 2000) have a similar theoretical basis
and are thus not discussed here.

3.3 Method 3: self-organizing map

The self-organizing map (SOM) NN was used by Telszewski et
al. (2009) to estimate the monthly partial pressure of carbon di-
oxide distribution in the North Atlantic from three biogeochem-
ical parameters and was then applied by Wu et al. (2012) to es-
timate the subsurface temperature in the North Atlantic from re-
motely sensed SST, SSS, and SSH.

Following their strategies, the SOM maps were first trained
using the SST, SSS, and SSH data from historical in situ Argo data
sets and were then labeled with the subsurface salinity data from
these Argo data sets. Finally, they were used to estimate the salin-
ity at several depths from the independent sea surface data.

The SOM map was trained separately in each box area of
15°x15°. Using a hexagon topology function and a Gaussian
neighborhood function, each map consists of 25 (5x5) to 289
(17x17) neurons based on the number of historical (2000-2010)
profiles within the subarea to reach an average number of 30
samples for each neuron. Before training, each parameter with

Table 2. Salinity profile notations

the monthly mean removed was normalized by its STD to avoid
the discrepancy in magnitudes. Each neuron has three compon-
ents that represent all of the combinations of input variables
(SST, SSS, SSH). The relationship between three training para-
meters, with similar patterns mapped to neighboring regions and
dissimilar patterns mapped to separate locations, was the found-
ation for the labeling and estimation processes.

For each layer, the Argo salinity value at that depth was used
to label the trained neural network. On the basis of the SST, the
SSS, and the SSH, the salinity values were labeled onto the
nearest neurons based on Euclidean distance. For the neurons
that are labeled by more than one salinity value, the average sa-
linity value was used as the final labeling value.

The salinity was estimated using the labeled SOM map and
sea surface information. Input vectors of the arbitrary position
and time had one neuron in the labeled SOM map according to
the Euclidean distance; the S value of that neuron became the es-
timate of the input vectors.

3.4 Evaluation schemes

For Method 1, first, using the available global descriptions of
the statistical relationships between the surface and subsurface
fields, independent (September 2011 to December 2012) in situ
or collocated satellite surface values are used as inputs to re-
trieve the salinity values. The types of salinity profiles considered
are described in Table 2.

The retrieved profiles are then compared with the validation
profiles to compute the RMS errors. This comparison is per-
formed in predetermined areas or in each 15°x15° box. The res-
) are described in Table 3.
Some of the RMS errors could be alternately expressed as per-
centages of the signal STD (pg;,, Paie) OF of the total RMS error

ulting types of the RMS errors (e

rms

(Pregr Psatsr Psativr Psarsnr) @8 shown in Table 4. The former denotes
the error relative to the signal STD, while the latter denotes the
importance of the different sources of error to the total error.
Finally, o, can be associated with the regression coeffi-
cients (analogous for o, and o,,;;, which are not given) as:

UsatSH(Z) =E [(ssate - Ssitu)2]1/2
=E{[M2) - (0aq + asia) +0(z) - (3Sss + 0sss)—
Az) - dagq — 0(z) - 6Sgs)?}1/?
=E{[\(2) - os1a + 0(2) - 0sss]*}/2, a1
where og; , and oy are the errors in the satellite SLA and satellite
SSS, respectively.

For Methods 2 and 3, only the estimations from the pure in
situ surface inputs (in situ GPA and SSS for Method 2; in situ GPA,
SSS, and SST for Method 3) or pure satellite surface inputs (satel-
lite SLA and SSS for Method 2; satellite SLA, SSS, and SST for
Method 3), such as S;,, and S,,,, are considered. The corres-
ponding RMS errors include oy, Py Fsate AN Pyte-

Notation Classification Inputs

Seali validation in situ salinity

Selim ARIVO climatology salinity

Ssitu retrieved salinity from surface in situ GPA and in situ SSS
Sats retrieved salinity from surface in situ GPA and satellite SSS
Seatr retrieved salinity from surface satellite SLA and in situ SSS
Ssate retrieved salinity from surface satellite SLA and satellite SSS




CHEN Jian et al. Acta Oceanol. Sin., 2017, Vol. 36, No. 7, P. 15-31

Table 3. RMS notations

21

. €rmg Sl_SZ
Notation Short name Full name
S, S,
Oclim sclim svali Signal STD
Cgate Seate Seali total error total error using satellite surface values
Ogitu Situ Seali regression error error caused by the regression model (also error using in situ surface values)
Cgats Seats Situ SSS-induced error error caused by inaccuracies in satellite SSS
Osatt Seatr Ssitu SLA-induced error error caused by inaccuracies in satellite SLA
Osatsi Ssate S satellite-induced error error caused by inaccuracies in satellite values
Table 4. Ratio notations
. Ratio, 6,/0, .
Notation Meaning
S1 N
Pate Ggate Sclim total error using satellite inputs relative to the signal STD
Psitu Ggitu Selim error using in sifu inputs relative to the signal STD
Pregr Ogitu Cate weight of regression error in the total error
Psats Cgats Cate weight of SSS-induced error in the total error
Peart Cgatti Cgate weight of GPA-induced error in the total error
Psatsh Ogats Cate weight of satellite-induced error in the total error

4 Results

4.1 Comparison among three methods

As shown in Fig. 1, at the global scale, the performance of the
three methods of salinity extrapolation is all improved with re-
spect to climate-based values when using the pure in situ (error-
free) surface data. The multilinear regression performs best, fol-
lowed by the mEOF-R, and the SOM performs worst. The latter
two technologies take advantage not only of the altimeter and
SSS measurements but also of SST (which is not the case for the
multilinear regression); however, the adequate training samples
(Argo profiles containing both temperature and salinity and val-
id to a depth of 1 000 m) required for the empirical mode decom-
position in the mEOF-R or the feature classification in the SOM
are not available. This potentially leads to their poor perform-
ance in S extrapolation.

However, when estimating salinity from satellite surface val-
ues that contain errors, the mEOF-R method leads to larger RMS
errors than the climatology STD at all depths and seems to be
much more risky to apply. In contrast, the SOM is much less sus-
ceptible to the surface noise and leads to the RMS errors that are
equivalent to the climatology STD. The multilinear regression is
moderately sensitive to the surface noise, which leads to larger
(smaller) RMS errors than the climatology STD above (below)
depths of 200 m.

Considering its good performance using noise-free surface
values and its moderate susceptibility to the surface noise, the
multilinear regression is selected to evaluate the performance of
various remotely sensed SSS retrievals in reconstructing 3-D sa-
linity fields.

4.2 Total error using various SSS inputs

The profiles that denote the total errors (o, Oguer Psitw Psate)
for several basins using Method 1 are shown in Fig. 2.

At the global scale, the use of in situ SSS inputs reduces the
RMS differences of salinity by 100% at the surface to approxim-
ately 10% at depth (py;,); in contrast, the use of satellite SSS in-
puts, due to their large errors of 0.25-0.4, cannot improve the S
estimates for any of the retrievals (p,,,.). The four 1.00° retrievals
(Aquarius-CAP, CATDS-1° Mon/10d, Aquarius-V2) lead to smal-
ler values of p,,, than the four 0.25° retrievals (BEC-L3, BEC-L4,

pure in situ input

b
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1000

pure satellite input

200
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0.5 1.0
Salinity error/%

s MEOF
mmmme SOM

Salinity error

climatology
linear

Fig. 1. The profiles of 6;., 0, (2) and p, (b), and the profiles
of 640 Ogare (€) and pg,. (d). Errors are calculated for the three
methods (dashed- linear, dotted- mEOF, dash-dotted- SOM) and
the global ocean (60°S-60°N, 0°E-360°E). The satellite SSS data
used to calculate o, and p,,,. are from BEC-L3.

CATDS-0.25° Mon/10d); the two 0.50° retrievals (CATDS-0.50°
Mon/10d) falls between those values. For the three pairs of
CATDS retrievals with the same spatial resolution (CATDS-1.00°
Mon/10d, CATDS-0.50° Mon/10d, CATDS-0.25° Mon/10d), the
ten-day composites yield to moderately larger errors in contrast
to the monthly ones. However, it is still the spatial resolutions
that generally determine the order of error magnitude. In the
tropical Pacific, o, is slightly less than o, , in the upper approx-
imately 100 m layer in all of the retrievals except CATD-0.25°; be-
low 100 m, o, except in the layer between 300
and 600 m, where ¢, This

sate 18 similar to oy, |

sate 1S approximately 10% less than o ;...
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Fig. 2. The profiles of g, (thick solid), o, (thick dash-dotted),
and o, (thin) (left) and profiles of p;, (thick dash-dotted) and
Psate (thin) (right) for three basins: the global ocean (60°S-60°N,
0°-360°E; top), the tropical Pacific Ocean (30°S-30°N,
120°E-70°W; middle), and the Kuroshio Extension region
(30°-45°N, 150°E-150°W; bottom). Method 1 was used for the re-
trieving salinity. The satellite SSS data used are from all the ten

retrievals.

suggests that the spatial and temporal resolutions directly influ-
ence the accuracy of the SSS inputs and the retrieved salinity in
the upper layer; in contrast, the satellite SSS observations play an
insignificant role below that layer. This phenomenon is more
evident in the mid-latitude Kuroshio Extension (KE) region,
where o, in the upper layer is greater than ¢;;, overall and in-
creases as the spatial resolution increases. In contrast, o, in the
interior ocean is independent of og¢g in several SSS retrievals. A
comparison of the three basins indicates that the remotely
sensed SSS inputs can only improve the salinity estimates in the
tropics; in the mid-latitudes, the SSS inputs cannot be used with
confidence. Considering the STD error between satellite (e.g.,
Aquarius L2) and Argo SSS ranging from ~0.3 in the tropics to
~0.7 at high latitudes (Drucker and Riser, 2014), it can be roughly
inferred that whether the salinity can be improved mostly de-
pends on whether the SSS itself has reasonable accuracy. This
will be discussed in detail in Section 4.3 that distinguishes errors
due to surface values from those due to regression methods. The
other two pairs of retrievals with the same spatial resolution are
also compared. Globally, BEC-L3 performs better than BEC-L4,
and Aquarius-CAP performs better than Aquarius-V2.

The non-smoothed version of the Aquarius-V2 was used in an

additional test (not shown) and resulted in even larger o, val-

ues than the smoothed version in all three basins. This implies
that the smaller error in Aquarius-CAP is attributable to the CAP
algorithm rather than the lack of smoothing.

Although climatology does a better job in representing the
vertical structure of the salinity fields at the global scale than the
estimates from the satellite SSS measurements, the estimated
fields perform better in certain areas or at certain depths, as illus-
trated in Fig. 2. This needs to be investigated further because the
results will help to assess the current capabilities to retrieve 3-D
salinity fields using available remotely sensed surface inputs.
When these measurements become continuous and reliable in
the future, they will also help to address associated questions
about remotely sensed SSS observations.

The global p,,. maps for all six CATDS retrievals are shown in
Fig. 3. Generally, the CATDS SSS inputs yield increasingly smal-
ler S errors as the spatial and temporal resolutions decrease. The
differences between the high-resolution and low-resolution
maps gradually disappear as the depth increases. Characteristics
of the individual levels include the following:

(1) At the surface and at 50-m depth, p,,, is less than 1 only in
the tropical oceans. In detail, the CATDS-0.25° SSS input per-
forms worse than climatology over most of the global ocean; in
contrast, the CATDS-1.00° SSS input performs better throughout
the tropical oceans, although to a much smaller extent in the
tropical Atlantic Ocean.

(2) At 150 m depth, the regions of pg, <1 expand to the ex-
tratropics, excluding the high-latitude southern oceans.

(3) At 300 m depth, the regions of p,,,.=1 prevail along the
narrow equatorial bands in the ocean interior.

(4) At 500 m depth, the regions of p_,.\gegslant 1 gradually
change shape and are concentrated around the northwest Pa-
cific Ocean, the southwestern tropical Pacific Ocean, the North
and South Atlantic Oceans, and the Indian Ocean.

(5) At 1 000 m depth, p,,. is decreased globally and particu-
larly in the North Atlantic Ocean.

Characteristics that are common to all levels include the fol-
lowing:

(1) In the regions south of 45°S, p,.. is always greater than or
equal to 1;

(2) For most areas, p,,,, remains above 0.8, indicating that the
use of SSS inputs decreases the RMS differences of salinity by less
than 20%.

The global p, . maps for the other four retrievals are shown in
Fig. 4. On the surface and at 50 m in the tropics, the areas with
Psate<l in the Aquarius retrievals are slightly broader than those
in the BEC retrievals. This is expected because the former has a
lower spatial resolution (1.00°) than the latter (0.25°). Below that,
the differences between the retrievals gradually decrease as the
depth increases. Together, Figs 2, 3, and 4 show that the Aquari-
us SSS inputs generally perform best in terms of the RMS errors
for the retrieved salinity. However, the BEC SSS input at a resolu-
tion of 0.25° can reach an accuracy that is roughly equivalent to
those of the CATDS and Aquarius SSS inputs at resolutions of
1.00°, in particular in the upper tropical ocean; this indicates that
processing the BEC SSS may be advantageous to processing the
CATDS SSS.

4.3 Error sources

The errors in vertically retrieving S can originate from either
the regression method or the surface values, both of which are re-
lated to the vertical regression coefficients. Figure 5 shows the re-
gression coefficients between the SSS and the salinity (i.e., §) and
between the SLA and the salinity (i.e., 1), which directly determ-



CHEN Jian et al. Acta Oceanol. Sin., 2017, Vol. 36, No. 7, P. 15-31 23

60°  E180°W 60° 60°

E180°W 60° 60°  E180°W 60°

10d 0.25°

10d 0.50° 10d 1.00°

0.70

60°  E180°W 60° 60°

0.75

E180°W 60° 60°  E180°W 60°

50 m

150 m

300 m

500 m

1000 m

Monthly 0.25° Monthly 0.50° Monthly 1.00°

0.80 0.85 0.90 0.95 1.00

Salinity error/%

Fig. 3. Maps of p,. at depths of 0, 50, 150, 300, 500, and 1 000 m (from top to bottom). The SSS data are from CATDS products of ten-
day composites with resolutions of 0.25°, 0.50°, and 1.00° and monthly composites with resolutions of 0.25°, 0.50°, and 1.00° (from left
to right). The values are computed in 15°x15° box. This figure illustrates how the spatial and temporal resolutions of SSS influence the

estimated salinity values.

ine the way that the SSS/SLA signals and errors are projected to
depth, as well as the EV, which reflects the synthetic effects of the
regression.

(1) In the upper layer, 6 has uniformly high values at all latit-
udes. This explains why o, is sensitive to the SSS resolution in
that layer (Fig. 2) and why the p,,. values at 50 m reflect the sur-
face structures (Figs 3 and 4). Below that level, most of the § val-
ues are near 0 except for a vertical zone of high 6 values that ex-
tends to depths of 400-800 m in the southern oceans; this indic-
ates that the SSS errors in that region remain influential at depth.
This accounts for the gradually disappearing surface p,, pat-
terns below 150 m and the large p,,,. values in the deep oceans
south of 45° S, where large SSS errors are projected (Figs 3 and 4).

(2) The tropics are dominated by negative values of 1 from the
surface to approximately 100 m and by positive values below that
level. The maximum positive values are concentrated between
100 and 300 m. At higher latitudes, the North Atlantic and North
Pacific Oceans show striking negative and positive regions, re-
spectively, and the South Indian Ocean and South Atlantic Ocean
each shows a clear negative region from near the surface to
depth. These features account for the displacement of areas of
low p,,, to middle and high latitudes below 150 m (Figs 3 and 4).

(3) The EV is the greatest in the mixed layer of the salinity
(“mixed layer” for short afterwards) at all latitudes where € is uni-
formly high and is moderately great from the base of the mixed
layer to the deep oceans at higher latitudes, where 1 is high or
vertical high-6 regions are present. From 100 to 300 m in the
tropics, in locations where 1 is also high, the EV is smaller due to

the strong salinity variations (i.e., forecast variance o7 ) because
V. ~ 02 /o} . This is consistent with the slightly smaller values of
Ogate than o in that layer (Fig. 2).

The analysis then focused on the respective importance of the
different error sources, which are denoted as o, 0 ,q) gapy and
Osarsn (Figs 6 and 7) O Pyegys Poarsy Py a0 Pyysyy (Figs 6 and 8).
The differences between the results of these retrievals are small
(not shown), so only the satellite surface data from the BEC-L3 is
shown as an example.

Figure 6 shows the profiles of all of the errors. The weights of
the SSS-induced errors decrease from 100% on the surface to ap-
proximately 10%-20% at depth (p,,.). In contrast, the weights of
the SLA-induced errors increase from 0% on the surface to the
maximum in the interior oceans (pg,,;;). The level with p =P,
is slightly shallower in the tropics than at the mid-latitudes, and
the profile of p, gy is roughly parallel to that of p,.s (p,,) above
(below) this level. The profile Of peq, is roughly symmetrical to
that of p,q;y, which indicates that the regression error (satellite-
induced error) is more important in the upper (deep) ocean.
However, the importance of each error differs based on the areas
and depths.

Figures 7 and 8 show the maps of the absolute and ratio er-
rors, respectively.

(1) On the surface, there is no regression error (pregr:O) and
only the §SS-induced error (p,,¢=1). At 50 m depth, the SSS-in-
duced error is still dominant (pg,>0.5), although the regression
error is not insignificant in the tropics (Fig. 8). In detail, o,
(0gw) is smaller (larger) in the tropics than in the extratropics
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Fig. 4. Maps of p,, at depths of 0, 50, 150, 300, 500, and 1 000 m (from top to bottom). The SSS data used are from monthly BEC-L3,
BEC-L4, Aquarius-V2, and Aquarius-CAP products (from left to right). This figure illustrates the differences in the salinity estimated by
the different SSS retrievals.
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(Fig. 7). As aresult, pg,g (Peg) is smaller (larger) in the tropics
than in the extratropics (Fig. 8); on the other hand, as a final off-
set, Peae<1 (Psae>1) in the tropics (extratropics) (Figs 3 and 4).
However, the tropical Atlantic Ocean is an exception, with
Poars<0.5 (Fig. 8) and pg,.>1 (i.e., 04,>0im; Figs 3 and 4). The
large values of o, (0, +04,s) i that region are induced by the
abnormally large values of o, rather than o, because o, g is
even smaller than in the other tropical oceans. At these two
levels, p,,.sy is almost identical to pq.

(2) At 150 m, o,qy is significantly reduced because the im-
pact of SSS becomes insignificant, while the SLA plays an in-
creasingly important role. In contrast, o, remains high in the
tropics (Fig. 7). As a result, the tropics are dominated by the re-
gression errors instead (p,e,,>0.5) (Fig. 8). At 300 and 500 m, o,
¢u is reshaped by the effects of o,y and o, (Fig. 7). North of
45°S, the regions of p,,¢;>0.5 (Fig. 8) are roughly consistent with
those of p,.<1 (Figs 2 and 3), where the relatively high 1 values
improve the salinity estimates (Fig. 5). South of 45° S, the regions
of pasi>0.5 (Fig. 8) are consistent with those of pg, .>1 (Figs 2
and 3), where the area of large 6 values projects below the area of
abnormally high o4 (Fig. 5). The regions with p,¢;;>0.5 shrink
further down to 1 000 m, and small p,; values eventually oc-
cupy regions such as the Northeast Atlantic Ocean and the south-
western Tropical Pacific Ocean (Fig. 8).

Oatsy Osaup AN 0, qp (from left to right) at depths of 0, 50, 150, 300, 500, and 1 000 m (from top to bottom). The SSS

4.4 Feature resolutions

Feature resolution issues affect several areas with large salin-
ity differences, including the western Tropical Pacific and re-
gions near the coast, where the SSS gradients are generally
strong, and the Northwest Pacific, where considerable mesoscale
variability occurs and where the SSS measurements tend to be re-
latively noisy. It begins with qualitatively examining the salinity
patterns on the surface and at a depth of 100 m (Figs 9-12). The
100 m level can be used to differentiate the characteristics of the
upper ocean at different latitudes because the depth of the mixed
layer varies from 20 to 70 m in the Equatorial Pacific (Delcroix et
al., 1996; Ando and McPhaden, 1997), while it is fairly deep and
even exceeds 200 m during several months in the Northwest Pa-
cific (Ohno et al., 2004).

Figure 9 shows the salinity fields in the western Tropical Pa-
cific (WTP). On the surface, the CATDS-0.25° SSS field shows ex-
tensive small-scale structures. In contrast, the other SSS fields
have uniform and smooth patterns; for example, the western Pa-
cific salinity front (WPSF) is clearly marked by the 34.8 isohaline
(bold white lines). The BEC-L4 SSS field has a nearly identical but
attenuated appearance. For example, the negative anomalies in
the northwest and positive anomalies in the southeast both have
decreased amplitudes. Compared with the Aquarius-V2 SSS field,
the Aquarius-CAP field has somewhat sharper gradients
throughout the basin. At 100 m, the salinity fields estimated from
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all of the inputs display consistently smooth patterns despite
their different surface structures, although the CATDS-0.25° pat-
tern has few small-scale structures. Thus, the vertical projection in
this region eliminates much of the small-scale surface structures.

Figure 10 shows the salinity gradients for the same basin and
time period as in Fig. 9. The SSS gradients in the CATDS-0.25°
contain considerable small-scale noise. The SSS gradients associ-
ated with the WPSF are clearest in the BEC-L3 and weakest in the
BEC-L4. The SSS gradients in the CATDS-1.00°, the Aquarius-V2,
and the Aquarius-CAP are not as clear because of their relatively
coarse 1° grids compared with the 0.25° grid spacing of the BEC-
L3. At 100 m, the salinity gradients are significantly decreased, in
particular for the CATDS-0.25°, the BEC-L3, and the Aquarius-
CAP. For example, the noisy appearance of the gradient is almost
absent in the CATDS-0.25°.

Figure 11 shows the salinity gradients in the KE region of the
North Pacific Ocean, which is a mid-latitude open sea in the
Northern Hemisphere. The CATDS-0.25° fields are still domin-
ated by the small-scale noise, and the BEC-L3 is dominated by
mesoscale features. The BEC-L4 SSS gradients are again slightly
attenuated. It appears that the BEC-L4 is excessively smoothed
by the procedure. The SSS gradients in the CATDS-1° and the
Aquarius-V2 are roughly consistent with those in the ARIVO in
terms of the positions and gradient magnitudes of the frontal re-
gions. The Aquarius-CAP has a somewhat noisy, artificial pattern

with unreasonable along-track strips across the frontal regions.
This is also evident in the tropics (Fig. 10) and is presumably due
to the exclusive use of scatterometer observations (without NECP
ancillary data), which are highly dependent on the sampling
characteristics of the Aquarius, or the absence of the smoothing
procedure. In contrast to the cases shown in Fig. 10, the vertical
projection at 100 m consistently retains most of the surface struc-
tures. Additional analyses in the South Pacific Ocean resulted in
analogous conclusions (not shown).

Figure 12 shows the salinity gradients off the west coast of the
United States, where strong coastal upwelling occurs. The
CATDS-0.25° shows very strong SSS gradients that are unreason-
ably noisy everywhere. In the other retrievals, the strong offshore
SSS gradients are frontal regions associated with eddies and me-
anders of the California Current. The coastal gradients are mod-
erate in the CATDS-1.00°. The BEC-L4 magnitudes are as strong
as those of BEC-L3, implying that BEC-L4 did not greatly attenu-
ate the signals in coastal regions. Although the coastal gradients
are almost nonexistent in the Aquarius-V2, their range is most
similar to that of the ARIVO. In the Aquarius-CAP, the fields are
also punctuated by swath-like noise. The retrieval method
projects most of the surface gradients down to 100 m but weak-
ens some possibly because the water is shallow near the shore.

To determine if the features described above are real signals
or noise, a quantitative analysis of the spatial scales that these
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Fig. 9. The SSS (left) and retrieved salinity (right) at 100 m de-
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BEC-L4, Aquarius-V2, Aquarius-CAP, and ARIVO products (top
to bottom) in the western Tropical Pacific Ocean (5°S-10°N,
150°E-160°W) for May 2012. The bold white lines are the 34.8 iso-
halines.

SSS retrievals can effectively resolve is required. The results show
the zonal wave number spectra (Reynolds and Chelton, 2010) of
the six retrievals: three open areas in the Pacific Ocean (Fig. 13)
and three in the Atlantic Ocean (Fig. 14). The vertical projection
affects the spectra energy contents at depth in very different ways
in the tropics and extratropics. In most of the retrievals, the pro-
jection significantly decreases the energy in the spatial frequency
higher than 10-1 (°)-! by an average of an order of magnitude in
the tropics, while it retains nearly the same energy down to 100 m
in the mid-latitude regions. This is consistent with the qualitative
maps.

A consistent feature in all six panels of Figs 13 and 14 is that
the CATDS-0.25° fields both on the surface and at 100 m have
much higher spectral energy than any of the other five fields at
wavelengths shorter than approximately 500 km (in the Pacific)
or 300 km (in the Atlantic). In most cases, the spectra roll off of
the CATDS-0.25° with a zonal wave number k is approximately
k2. In contrast, the wave number dependences of the BEC-L3
and BEC-L4 spectra range from k-3 to k4. The CATDS-1.00°,
Aquarius-V2, and Aquarius-CAP spectra are even shorter and
steeper. On average, the spectral energy of the CATDS-0.25° is
more than one order (the Northern Hemisphere) or two orders
(the Southern Hemisphere) of magnitude higher than the other
retrievals at the highest wave numbers. In the tropics, although
the retrieved salinity fields at 100 m exhibit significantly
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Fig. 10. Same as Fig. 9 but for the gradients of the salinity fields.

weakened spectral energy for the CATDS-0.25° and other retriev-
als, the differences between them are still up to one order of mag-
nitude. The existence of a k-2 spectrum is not generally an indica-
tion of data noise. However, the fundamentally different spectral
behavior of the CATDS-0.25° fields compared with the other re-
trievals and the noisy, “speckled” appearance of the CATDS-0.25°
fields in Figs 9-12 are clear indications that the CATDS-0.25°
fields are dominated by the small-scale noise.

Another consistent feature is that the Aquarius-CAP SSS fields
have significantly higher spectral energy than the Aquarius-V2
and CATDS-1° fields below approximately 300 km and down to
the Nyquist frequency (100 km). The higher energy in the Aquari-
us-CAP at these scales might be an indication of noise, as is vis-
ible from the swath-like patterns in Figs 10 and 11. The lower en-
ergy level in the Aquarius-V2 is definitely caused by the smooth-
ing procedure, which eliminated the swath patterns because the
nonsmoothed Aquarius-V2 (not shown) has almost the same
spectral energy as the Aquarius-CAP. The low spectral energy in
the CATDS-1.00° SSS fields indicates that the CATDS procedure
attenuates energy at these scales. At 100 m, the spectrum differ-
ence at the shortest wavelengths between the three 1.00°-resolu-
tion retrievals is almost absent after the vertical projection in the
tropical and northern oceans and is moderately weakened in the
southern oceans.

The differences between the BEC-L3 and the BEC-L4 are not
surprising. On the surface, the BEC-L4 spectral energy at higher
wave numbers, in particular at characteristic lengths between
100 and 25 km, is significantly less than the spectral energy of the
BEC-L3 in the southern regions and slightly less in the tropical
and northern regions. This is consistent with the attenuated ap-
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pearance of the BEC-L4 SSS shown in Fig. 9. Although the differ-
ences are not large, BEC-L4 has less mesoscale energy than the
BEC-L3. This is likely attributable to the use of the SST template
in the singularity analysis for the BEC-L4, which potentially at-
tenuated the SSS fields. However, at 100 m, this difference is sig-
nificantly reduced by the vertical projection except in the south-
ern oceans, where the difference is much larger. Even if some of
the energy of the BEC-L3 is considered to be noise, most are
clearly related to mesoscale physical signals; this is indicated by
the small RMS errors in Figs 2 and 4 and the reasonable appear-
ances in Figs 9-12.

5 Discussion and conclusions

Several SSS retrievals were used to retrieve synthetic 3-D sa-
linity fields from available satellite data. These SSS inputs were
shown to work differently at different depths and in different re-
gions.

In the mixed layer, the retrieved salinity is mainly influenced
by the SSS information in several ways. (1) The spatial resolution,
along with the temporal resolution to a looser extent, was shown
to have an important influence on the SSS and the retrieved sa-
linity within this layer because the SSS inputs perform better at
the global scale as the spatial resolution decreases from 0.25° to
0.50° to 1.00°, or as the temporal resolution decreases from 10
days to monthly. That is because, a filtering or smoothing pro-
cess, like the simple average implemented in SMOS-CATDS L3
products, is usually a trade off between the reduction of analysis
error for the resolved low spatial frequency part of the spectrum
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Fig. 12. Same as Fig. 10 but off the west coast of the United
States (30°-50°N, 140°-110°W).

and the loss of the variance associated with the filtered high spa-
tial frequency part of the spectrum (Jorda and Gomis, 2010). In
the SMOS, for example, the brightness temperature at L1 is re-
constructed with a spatial resolution of 43 km. At L2, the bright-
ness temperature data are transformed into the SSS on an ap-
proximately 15 km resolution grid due to the repetition cycle of
the sampling. At L3, owning to the high observational noises in
L1 or L2 data, the accuracy of SSS products may be not satisfact-
ory unless we filter out part of the scales that can, in principle, be
resolved by the satellite sampling. The result of filtering is an ana-
lysis of lower spatial resolution (e.g., 100 km) with a lower error,
in which nevertheless the variance associated with short scales
(e.g., 15 km) is lost. In other words, to measure the improvement
from the averaging process, the analysis should be compared not
with the “truth”, but with the filtered “truth”. In our case, the
filtered “truth” is the SSS from the Argo network, which has a
nominal resolution of approximately 300 km. Thus, on the
premise that the SMOS has a much smaller (<43 km) nominal
sampling, the products with lower spatial frequency (e.g., 1.00°)
can be more accurate than those with relatively high spatial fre-
quency (e.g., 0.50°, 0.25°), as it loses more higher spatial fre-
quency part of the spectrum (e.g., the Rossby deformation radius
on the order of 25 km or smaller). The same theory applies for the
temporal resolution and Aquarius issues. (2) The projected SSS
errors are generally dominant. With high and low accuracy SSS
inputs in the tropics and extratropics, respectively, the estimates
of salinity are more precise than climatology in the tropics but
not in the extratropics. This is determined by the fewer number
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Fig. 13. Zonal wave number spectra computed from the SSS
(left) and retrieved salinity at 100 m (right) for three open regions
in the Pacific Ocean: the Tropical Pacific Ocean (5°S-10°N,
165°E-105°W; top), the North Pacific Ocean (30°-45°N,
160°E-135°W; middle), and the south Pacific Ocean (45°-30°S,
165°-90°W; bottom). For each region, the wave number spectra
were computed from monthly salinity fields for all months of
2012 along each latitude of grid points within the specified do-
main; these individual spectra were then ensemble averaged over
the latitudes and 12 months.

of the brightness temperature data and lower sensitivity of
dT,/dSg to the SST at middle and high latitudes than in the trop-
ics (Kerr et al., 2010). However, the regression errors dominate in
certain tropical regions, such as the tropical Atlantic, where the
anomalously large regression errors lead to salinity estimates
with worse performance than the climatology. (3) Because the
mixed layer is generally shallower in the tropics than in the ex-
tratropics, the mesoscale features and spectra energy of the SSS
fields are greatly reduced at 100 m in the tropics but are mostly
retained in the extratropics. Because the depth of the mixed layer
varies by season, the manner in which the surface features are
projected downward also varies by season.

Below the mixed layer, the retrieved S is mainly influenced by
the SLA information. The regression errors gradually dominate
and extend from the tropics to the extratropics. The displace-
ment of the high-accuracy retrieved salinity fields to certain mid-
and high-latitude regions (specifically the Northwest Pacific
Ocean, the southwestern Tropical Pacific Ocean, the North and
South Atlantic Ocean, and the Indian Ocean) reflects the higher
SLA-S regression coefficients there, although the SLA errors (with
respect to GPA) are also greater at higher latitudes (Guinehut et
al., 2006). In contrast, the SSS-S regression coefficients are negli-
gible and lead to the nonexistent SSS error patterns. An excep-
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Fig. 14. Same as Fig. 13 but for three open regions in the At-
lantic Ocean: the Tropical Atlantic Ocean (15°-5°S, 33°W-7°E;
top), the North Atlantic Ocean (30°-40°N, 55°-15°W; middle), and
the South Atlantic Ocean (45°-35°S, 45°-5°W; bottom).

tion is the high-latitude southern oceans, where the maximum
SSS-S regression coefficients propagate the maximum SSS errors
down to the deep ocean.

Thus, the results can be summarized as follows. In the mixed
layer, the accuracy of the retrieved salinity is roughly determined
by the SSS accuracy in spite of the regression error pattern (ex-
cept in the tropical Atlantic Ocean, where the regression errors
are large). Below the mixed layer, the accuracy of the retrieved
salinity is roughly determined by the magnitudes of the SLA-S re-
gression coefficients in spite of the surface error (mainly from the
SLA) pattern (except in the high-latitude southern oceans, where
the SSS-induced errors are large). So, on the premise the regres-
sion coefficients cannot be changed (determined by the physical
properties of the ocean), the current top priority is to improve the
SSS observations especially at middle and high latitudes, where
the SSS data are more prone to errors.

Different retrievals are compared in terms of the vertical er-
rors, qualitative maps, and wave number spectra. (1) The
CATDS-0.25° has larger RMS errors (w.r.t. Argo) and much more
high-frequency energy which is associated with noise, and thus
cannot be used with confidence. In contrast, CATDS-1.00° per-
forms well throughout the tropics and has much lower noise en-
ergy at large scales. As illustrated above, it is because the average
with larger filtering scales can reduce more noises related to
small scales. (2) The Aquarius-CAP yields the lowest RMS errors
because of the CAP algorithm, as claimed by previous studies
(Reagan et al., 2014; Yueh et al., 2014). Nevertheless, its artificial
appearance and greater high-frequency energy suggest that it
may perform worse in depicting physical phenomena. In con-
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trast, Aquarius-V2 has a more reasonable appearance and lower
energy, which indicates that the smoothing procedure produces
more physically based salinity fields at the cost of slightly increas-
ing the RMS error. However, the relatively coarse 1.00° grids of
the Aquarius-V2 and the Aquarius-CAP limit their feature resolu-
tions only at large scales. (3) The visually attenuated appearance
and flat spectra response at high frequencies for the BEC-L4
strongly suggest that the singularity analysis smoothes the SSS
fields too much. This can be explained by the singularity expo-
nents that are estimated from the high-quality SST, which re-
duce the effects of noise and artifacts on the SSS fields. In con-
trast, the smaller RMS errors, better performance than climato-
logy for most of the tropical oceans, dominant mesoscale signals,
and higher energy at short wave numbers of the BEC-L3 indicate
that it may best represent the mesoscale phenomena in the SSS
and 3-D salinity fields. This is consistent with previous studies in-
cluding Hernandez et al. (2014) who showed the advantage of the
SMOS over the Aquarius to reproduce SSS mesoscale features.

Therefore, to greatly improve the estimates of vertical salinity
structures, especially in the extratropics and at mesoscale, some
combined measures should be taken. It includes taking advant-
age of both the high resolution the with wide coverage of the
SMOS and the high radiometric sensitivity of Aquarius, using
more advanced algorithms (e.g., CAP) as useful supplement to
the standard version, making a compromise between the low
RMS error and high resolution, selecting the SSS retrievals with
appropriate resolutions for specific physical phenomena, and so
on.
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