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Sea surface temperature (SST) and sea surface salinity (SSS) are important parameters of the ocean that
influence ocean circulation, air-sea interactions, and biogeochemistry. In the past few decades, since SST
measurements from space have become routine, they have been fundamental to ocean and climate research.
In the past several years, satellite measurements of SSS have become available to strengthen research and
applications for the oceans and the linkages with other elements of the Earth system. This chapter introduces
the key principles and advantages of measuring SST and SSS from space, their complementarity use with
other satellite and in situ observations, the past and current missions for these measurements, characteristics
of uncertainties for the related data products, and the utility of these measurements in evaluating and
constraining ocean model/assimilation systems and improving forecasts.

S

Importance of SST and SSS on Ocean and Air‐sea
Interaction Processes

ea surface temperature (SST) and sea surface salinity (SSS) are important to ocean
dynamics. These two parameters determine the surface density of the ocean. Surface density
is essential to various ocean processes such as the formation of water masses at the ocean
surface, ventilation, and mixed-layer dynamics. At high-latitude ocean where the vertical
stratification is relatively weak, small variations in surface density due to SST and SSS changes can
have significant impacts on vertical mixing and convection.
SST is a critical parameter for air-sea interactions. It affects the air-sea surface temperature
difference, thereby contributing to local air-sea heat flux. Horizontal gradients of SST can also
regulate ocean-atmosphere coupling, for example, through SST-wind feedback. A basin-scale
example is the coupling of zonal SST gradients and zonal winds across the tropical Pacific Ocean
associated with the El Niño-Southern Oscillation (e.g., Bjerknes 1969, Kumar and Hoerling, 1998).
SST-wind coupling can also occur on smaller scales, such as those associated with tropical
instability waves and ocean eddies (e.g., Chelton et al., 2001). SSS does not directly affect air-sea
heat flux. However, it can influence SST and thus air-sea heat flux indirectly when there is SSSrelated barrier layer (e.g., Lindstrom et al., 1987; Sprintall and Tomczak, 1992). The latter is a
salinity-stratified layer within the isothermal layer. The barrier layer inhibits the vertical mixing
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between the mixed layer above it and the thermocline beneath it, and thus indirectly affects SST
and heat flux.
Given their importance in ocean and air-sea interaction processes, observations of SST and SSS
and their use in ocean and coupled ocean-atmosphere model assimilation systems are central to the
fidelity of the estimated ocean state as well as to ocean and coupled ocean-atmosphere forecasts
across different timescales.

Advantages of Satellite SST and SSS
and Complementarity with In situ Observations
Satellite and in situ measurements of SST and SSS are complementary to each other. Satellites
provide more uniform spatiotemporal sampling than in situ systems to resolve oceanographic
features. As such, they help monitor features with scales that are not resolved or adequately captured
by in situ systems and they help decipher large-scale signals and smaller-scale features such as
eddies and fronts. Additionally, satellites have synoptic coverage of coastal oceans, marginal seas,
and high-latitude oceans, regions where in situ measurements are generally sparse. Satellite spatial
sampling also enables the calculation of spatial derivative fields systematically, which is vital to
studies of ocean dynamics and air-sea interaction. Moreover, synoptic coverage of global ocean
SST and SSS by satellites facilitates the studies of large-scale teleconnections and impacts.
On the other hand, in situ SST and SSS measurements provide accurate ground truthing for
calibration and validation of corresponding satellite measurements. In particular, the near-global
Argo array and the tropical moored buoy array (TAO/TRITON, PIRATA, and RAMA) are
important backbone datasets for evaluating and improving satellite retrievals of SST and SSS
(Donlon et al., 2002; O’Caroll et al., 2008; Gentemann et al., 2004; Tang et al., 2014). Highfrequency (e.g., hourly) measurements from moorings also help de-alias signals that may not be
adequately sampled by satellites (e.g., diurnal signals). In situ measurements of temperature and
salinity profiles are also important to the interpretation of satellite SST and SSS by providing
measurements of the vertical structure. In addition, satellite and in situ data have been used
synergistically to produce blended satellite/in situ products for SST (e.g., Reynolds et al., 2007) and
SSS (e.g., Xie et al., 2014; Nardelli et al., 2016; Droghei et al., 2016). There have also been efforts
that combined satellite SSS with the higher-resolution satellite SST to enhance the resolution of
SSS products using multifractal fusion methods (e.g., Umbert et al., 2013; Olmeda et al., 2016).

Satellite Observations of SST
Satellite SST observing systems have decades of history. The first satellite program that measured
SST was the TIROS weather satellite program in the late 1960s. The Advanced Very High
Resolution Radiometers (AVHRR) onboard the NOAA series satellites from the early 1980s have
brought the satellite SST observing system into a relatively mature stage for operational monitoring
(Casey et al., 2010). There have been a series of technology advancements in satellite infrared (IR)
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SST sensors, such as the European Space Agency’s Along-Track Scanning Radiometer (ATSR)
and Advanced Along-Track Scanning Radiometer (AATSR) (Llewellyn-Jones et al., 2001).
Furthermore, a significant advancement in satellite SST observing systems has been the addition of
passive microwave (PMW) sensors such as the Advanced Microwave Scanning Radiometer
(AMSR) on JAXA’s ADOES-II satellite (2002-2003), AMSR-E on the National Aeronautics and
Space Administration’s (NASA) EOS Aqua satellite (2002-2011) and AMSR-2 on JAXA’s
GCOM-W1 satellite (2012 onward) (Gentemann, 2014; Gentemann and Hilburn, 2015).
International efforts have enabled a comprehensive constellation of SST-measuring satellites for
past several years that will continue on into the next decade, both on polar and geostationary orbits
(Figs. 11.1 and 11.2).

Figure 11.1. International constellation of polar-orbit SST satellites.

Figure 11.2. International constellation of geostationary SST satellites.
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IR sensors measure SST in the top 10 microns of the ocean surface while PMW sensors measure
SST in the top millimeters of the ocean, which can cause relative biases between IR and PMW SST
especially due to diurnal heating and evaporative cooling, processes that are not well understood.
This complicates the comparison and blending between IR and PMW SST. To address this, efforts
have been made to convert the “skin SST” measured by IR and PMW sensors to “bulk SST” or
“Foundation SST” (e.g., Reynolds et al., 2007; Donlon et al., 2007).
IR and PMW SST sensors have respective advantages and limitations. IR SST sensors have a
long heritage and decades of service on record while PMW SST sensors have been in use for a
much shorter time period (see above). IR SST sensors have much better spatial resolution (1-4 km)
than PMW SST (~25 km). IR sensors are not able to measure SST through clouds and they are
significantly affected by other atmospheric effects (e.g., water vapor and atmospheric aerosols).
This is especially true for AVHRR-like single-view IR sensors. A large volcanic event could
significantly impact the availability and accuracy of the IR SST (Reynolds, 1993). In comparison,
PMW sensors can see through clouds and are relatively insensitive to atmospheric effects such as
aerosols. However, PMW SST sensors are not able to retrieve SSTs near land or sea ice and they
are influenced by rain, surface roughness, and radio frequency interference. The main source of
radio frequency interference contamination is from reflected geostationary satellite transmissions,
but satellite-to-satellite radio frequency interference is also a growing problem (Gentemann, 2014).
A good graduate student-level resource that describes the differences between IR and PMW SST is
http://www2.hawaii.edu/~jmaurer/sst, and the Group for High Resolution SST (GHRSST) Project
(https://www.ghrsst.org) has produced a suite of high-resolution (< 10 km), level-4 SST products
that synthesize SST observations from various satellites, some also including in situ SST
measurements.

Salinity Remote Sensing: A New Frontier in Satellite Oceanography
Overview of satellite SSS missions
Three satellite missions have pioneered the measurements of SSS from space (Fig. 11.3). These are
the Soil Moisture and Ocean Salinity (SMOS) Mission (2009-present) (Lagerloef and Font, 2010;
Reul et al., 2012), the Aquarius/SAC-D Mission (June 2011-June 2015) (Lagerloef and Font, 2010;
Lagerloef et al., 2013), and the Soil Moisture Active Passive (SMAP) Mission (January 2015present) (Entekhabi et al., 2014; Tang et al., 2017). SMOS is a European Space Agency mission
that measures both soil moisture and SSS. Aquarius/SAC-D is a joint mission between NASA and
the Argentine National Space Activity Commission dedicated to SSS measurements. SMAP is a
NASA mission with a main objective to measure soil moisture and the freeze/thaw state of the
Earth. Even though SSS measurement is not one of the main objectives of the SMAP mission, the
similarity in the designs of SMAP and Aquarius instruments allows SSS retrieval from SMAP.
Likewise, soil moisture has also been retrieved from Aquarius even though the mission was
dedicated to SSS measurements. In addition to soil moisture and SSS, thin sea ice thickness (up to
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approximately 50 cm) has also been retrieved from the measurements of these L-band these
satellites.
All three missions operate at L-band radiometric frequencies (approximately 1.4 GHz), a
frequency band where the surface brightness temperature has overall good sensitivity to changes in
soil moisture and SSS. L-band is also a protected frequency band reserved for astronomy
observations, thereby minimizing radio frequency interference by radar signals on the Earth.
Aquarius and SMAP both have an active-passive design with a L-band radar scatterometer
integrated with the L-band radiometer. SMOS’ design is passive L-band radiometry. All three
satellites are on sun-synchronous polar orbits with high inclinations, allowing for full coverage of
polar oceans.
SMOS has a 33 km spatial resolution with a 10-day repeat and a three-day sub-cycle. Aquarius
has a 100-150 km spatial resolution and a seven-day repeat. SMAP has a 40 km spatial resolution
and an eight-day repeat. Therefore, all three missions provide synoptic measurements of SSS over
the global ocean with spatial scales much finer than those afforded by the Argo array, and they
resolve higher-frequency signals (e.g., tropical instability waves) that are difficult to capture using
Argo floats.

Figure 11.3. Satellite SSS missions.

Basic principles of measuring SSS from space
Measurements from L-band radiometers are used to retrieve SSS using a geophysical model
function (Yueh et al., 2014). First, a set of procedures is used to estimate ocean surface brightness
temperature (TB) by removing atmospheric effects (e.g., water vapor, cloud, oxygen absorption)
and galactic signals. Three major factors contribute to ocean surface TB: SSS, SST, and surface
roughness. SSS measurements are retrieved after correcting for the effects of SST and surface
roughness. Because there is no onboard SST sensor on the L-band satellites, ancillary SST
measurements from other satellites are used to remove the SST effect on TB for all three missions.
Surface roughness is generally a more important factor than SST, influencing TB. Measurements
from Aquarius’ L-band radar have been very useful in removing the surface roughness effects.
SMAP’s radar failed after three months into the mission science operation. Therefore, ancillary
wind products are used to estimate surface roughness and remove its effect from SMAP’s TB. SMOS
does not have an onboard radar, so ancillary winds are also used to remove the effect of surface
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roughness on TB. Splashing due to rain also roughens the ocean surface. Therefore, ancillary rain
rate measurements are similarly helpful in removing the related surface roughness effect.

Calibration/validation and satellite SSS error characteristics
Evaluation of satellite SSS measurements are typically performed through comparisons with in situ
near-surface salinity measurements obtained from Argo floats, tropical moorings, and ship-based
CTD measurements (for level-2 satellite SSS), as well as with gridded maps based on these in situ
salinity measurements (for level-3 gridded satellite SSS) (e.g., Tang et al., 2014; Tang et al., 2017).
Various analyses of SSS from SMOS, Aquarius, and SMAP have demonstrated that satellite SSS
measurements have better accuracy in the tropics and subtropics than at high latitudes. This is
because L-band TB is more sensitive to salinity in warmer waters than in waters colder than 5oC.
Two important factors need to be taken into account when assessing the accuracy of satellite SSS
using in situ measurements.
(1) Differences in spatiotemporal sampling between satellite and in-situ measurements.
Satellite SSS measurements represent the average SSS values within the satellite footprints (e.g.,
33 km for SMOS, 40 km for SMAP, and 100-150 km for Aquarius). In situ measurements are pointwise observations. Evaluation of level-3 satellite SSS measurements is typically performed by “colocating” in situ measurements within the satellite footprint and a certain time window (e.g., 7-10
days) to gather sufficient samples of in situ data. In regions of high variability (e.g., eddy-rich
regions such as the western boundary currents and Antarctic Circumpolar Current, river plumes,
tropical regions influenced by instability waves and transient and patchy rain), there could be actual
differences between satellite SSS measurements within the footprint and point-wise in situ
measurements because the sub-footprint variability is only partially sampled by the point-wise in
situ measurements. Likewise, the presence of high-frequency variability can also cause differences
between satellite SSS measurements averaged within the selected time window and snapshot in situ
measurements. For evaluating level-3 satellite SSS measurements using gridded in situ salinity
maps, the uncertainties of the in situ gridded maps due to potentially limited samplings and mapping
errors also need to be considered. For example, Lee (2016) showed that in regions of high
variability, such as those mentioned previously, the differences between satellite SSS and Argo
products are also regions where significant differences exist between two Argo products, reflecting
the effect of insufficient sampling by Argo to fully resolve the variability in those regions. Boutin
et al. (2016) showed that these regions are in fact associated with substantial variability within
satellite footprints as illustrated by ship-based, high-resolution themosalinograph data. Therefore,
it is important to note that the differences between satellite SSS (level-2 or level-3) and in situ
measurements (individual samples or gridded maps) not only reflect the uncertainties of the satellite
SSS measurements, but also the actual differences due to the variances in sampling and mapping.
In reality, this is a ubiquitous issue when evaluating satellite measurements using point-wise in situ
measurements. It also has implications for the comparison of satellite or in situ measurements with
model outputs of different spatial and temporal resolutions.
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(2) Effect of near-surface salinity stratification
L-band satellites measure salinity in the top centimenters of the ocean. The shallowest measurement
depths for in situ sensors are typically 5 m (for most Argo floats) and 1 m for tropical moorings.
Recent measurements of near-surface salinity structures show that there are situations where actual
salinity stratification exists above 1 m, especially in the tropics where the effect of transient rain is
important (Drucker and Riser, 2014). The shallow, near-surface stratification depends on rain rate
and wind speed (which affects vertical mixing) as well as advection by ocean currents. The physics
for near-surface stratification is an area of active investigation (Boutin et al., 2016) that has
important implications to near-surface vertical mixing and air-sea exchanges. NASA’s field
experiment Salinity Processes in the Upper Ocean Regional Study-2 (SPURS-2;
https://ourocean3.jpl.nasa.gov/spurs2/index.php) is an example of recent efforts to understand nearsurface salinity stratification and freshwater dispersal.
An international work group, the Satellite and in-situ Salinity Working Group
(http://siss.locean-ipsl.upmc.fr/), brings the international salinity remote sensing community to
further understand the two important issues discussed above. An ongoing project funded by the
European Space Agency’s SMOS Pilot Mission Exploitation Platform (SMOS Pi-MEP) is
compiling various satellite SSS products along with in situ near-surface salinity measurements and
ancillary data for validation, analysis, and applications of satellite SSS measurements
(https://pimep-project.odl.bzh/home).

Scientific accomplishments of the L‐band satellite SSS missions
Satellite SSS measurements from the SMOS, Aquarius, and SMAP missions have provided an
unprecedented opportunity to map synoptic SSS in the global ocean. These measurements have
brought new understanding of various ocean processes such as tropical instability waves (Lee et al.,
2012, 2014; Yin et al., 2014), Rossby waves (Menezes et al., 2014), mesoscale eddies (Reul et al.,
2014, Melnichenko et al., 2017), salinity fronts (Kao et al., 2014; Yu, 2015), hurricane haline wake
(Grodsky et al., 2012), river plume variability (Gierach et al., 2013; Fournier et al., 2016a), and
cross-shelf exchanges (Grodsky et al., 2017). They have also enhanced research about the
relationship of SSS with climate variability, including research into the El Niño-Southern
Oscillation, Indian Ocean Dipole, and Madden-Julian Oscillation (e.g., Grunseich et al., 2013; Guan
et al., 2014; Qu and Yu, 2015; Du and Zhang, 2015), and the linkages of the ocean with different
elements of the water cycle such as evaporation and precipitation and continental runoff (Yu, 2014;
Fournier et al., 2016b).
Additionally, satellite SSS measurements are being used to constrain ocean state estimation and
improve seasonal-to-interannual prediction (e.g., Hackert et al., 2014), which are discussed further
in the next section. There are also emerging biogeochemical applications of satellite SSS
measurements to study ocean’s total alkalinity, ocean acidification, and air-sea CO2 flux (e.g., Land
et al., 2015; Fine et al., 2017). The L-band satellites provide complementary measurements to in
situ platforms in that they provide global coverage, including the marginal seas and coastal oceans
where in situ measurements are often sparse. Satellite SSS observations also capture scales that are

278  TONG LEE AND CHELLE GENTEMANN

not or inadequately resolved by in situ systems. Examples of these achievements are highlighted in
this chapter.

Future challenges and ongoing technology development
The satellite salinity remote sensing community is actively pushing for the continuity and
enhancement of satellite SSS observing systems. Enhancement includes two important aspects: (1)
increasing spatial resolution to better resolve mesoscale features, which is particularly important to
coastal ocean dynamics and biogeochemistry, and (2) improving the quality of satellite SSS
observations, especially in high-latitude regions. The larger uncertainties of satellite SSS
observation in high-latitude regions is to a large extent a result of the poor sensitivity of L-band TB
to salinity in cold (< 5oC) waters. In order to improve high-latitude satellite SSS measurement
quality, ongoing technological developments are focused on combining L- and P-band radiometry.
This is because P-band has 2.5-3 times better sensitivity to salinity than L-band for SST lower than
5oC (Fig. 11.4; Lee et al., 2016). The combined L- and P-band radiometry also help improve the
uncertainties of seasonal sea ice thickness. Radar measurements of sea ice thickness have relatively
large uncertainties for seasonal sea ice. Thus, the combined L-/P-band radiometry aims to fill a
capability gap in sea ice thickness measurements. More accurate measurements of seasonal sea ice
thickness also help improve the retrieval of TB of the sea ice, which in turn reduce the errors of SSS
measurements in marginal ice zones by removing the contamination of SSS signals by leakage of
sea ice signal into the field of view of the radiometer over the ocean due to antenna side lopes.

Figure 11.4. L-band and P-band brightness temperature (TB) sensitivity to SST (upper) and their ratio (lower),
showing 2.5-3 times better sensitivity for P-band than L-band for SST < 5oC. After Lee et al. (2016).
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Use of Satellite SST and SSS for Constraining Ocean Models
SST data assimilation
Satellite SST products have long been a backbone dataset for most global and regional data
assimilation systems due to the relative maturity and operational missions. All current global and
regional assimilation systems integrate satellite SST (e.g., see the details under each system in the
Ocean Synthesis/Reanalysis Directory http://icdc.cen.uni-hamburg.de/projekte/easy-init/easy-initocean.html or http://reanalyses.org/ocean/overview-current-reanalyses). These include many of the
systems under the Global Ocean Data Assimilation (GODAE) OceanView Program.
Assimilation of SST aims to compensate for errors of surface heat flux forcing and to improve
the representation of mixed-layer heat budget. For assimilation systems based on the adjoint (or
four-dimensional variational) assimilation method such as that used in Estimating the Circulation
and Climate of the Ocean (ECCO, http://www.ecco-group.org), the assimilation of SST also has the
potential to improve surface heat flux estimation (inverse estimation) in combination with other
ocean observations that are assimilated. Moreover, the improved estimates of the ocean state can
be used to initialize short-term ocean forecasts and seasonal-to-interannual climate prediction. An
example of the latter is the assimilation of SST data in JAMSTEC’s SINTEX-F coupled oceanatmosphere model, which demonstrated the positive impacts on the hindcasts of the El NiñoSouthern Oscillation and Indian Ocean Dipole (Lou et al., 2005). An example of the encouraging
hindcast skill is shown in Fig. 11.5 for Niño3.4 SST anomalies.
Note that SST observations are typically assimilated along with other measurements such as
vertical profiles of temperature and salinity from Argo floats, ship-based CTDs, and moorings, as
well as sea level anomalies from satellite altimetry to achieve a more comprehensive constraint on
the model state. This can avoid misrepresentation of the mixed-layer heat budget through incorrect
compensation of different term balance. Additional observational data assimilated typically
improve the fidelity of the ocean state estimation (e.g., Fujii et al., 2015).

SSS data assimilation
Even though the satellite SSS data have relatively short records and the products continue to be
improved, their values to improve ocean state estimation have been demonstrated. For example,
Chakraborty et al. (2014) illustrated the improved representation of equatorial Pacific surface
currents through the assimilation of Aquarius SSS data. Toyoda et al. (2015) showed that the
assimilation of Aquarius SSS improved the representation of North Pacific mode water
characteristics as well as salinity structure near the Maritime Continent, the Amazon plume, the
eastern equatorial Pacific, and the Arctic Ocean. Lu et al. (2016) also documented improvements
of surface and subsurface salinity fields through assimilation of SMOS SSS data. Köhl et al. (2014)
used SMOS SSS to inversely constrain the estimate of the evaporation-precipitation (E-P) forcing
field and found positive impacts of the assimilation of SMOS SSS in improving E-P estimates.
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Figure 11.5. (a) Niño-3.4 SST anomalies (5°S–5°N, 170°–120°W) based on the NOAA/CDC observations
(solid line) and model predictions at three- (red line), six- (green line), nine- (blue line), and 12-month (yellow
line) lead times. Results have been smoothed with five-month running mean. (b), (c) ACC (Anomaly
Correction Coefficient) scores and RMSEs (Root-Mean Square Errors) of the persistence (long dashed lines),
ensemble mean (solid lines), and individual member forecasts (short dashed lines). After Lou et al. (2005).
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Satellite SSS data have also been used to improve seasonal-to-interannual prediction. For
example, Hacker et al. (2014) demonstrated the positive impacts of Aquarius SSS data assimilation
to improve El Niño-Southern Oscillation hindcasts. In that effort, three hindcasts were performed
for the period 2011-2014, initialized from three different initial states derived from ocean data
assimilation. All three assimilation runs included the subsurface temperature profile data. In the
first assimilation, no other data were assimilated. In the second assimilation, in situ salinity data
were also assimilated. In the third assimilation, Aquarius SSS were assimilated instead of in situ
salinity. The resultant hindcast skills initialized from these three assimilation runs show that the one
with Aquarius SSS assimilated had the best hindcast skill for Niño3.4 SST anomalies, both in terms
of correlation and root-mean-squared differences from observed Niño3.4 SST anomalies (Fig.
11.6). The improved hindcast skill was attributed to the better sampling of SSS measurements from
Aquarius than the in situ measurements, which provides a better constraint on mixed-layer density
variation on interannual timescales.

Figure 11.6. Validation of coupled model results for the Aquarius period, August 2011 to February 2014 using
(a) correlation and (b) RMS versus observed NINO3 SST anomaly. The solid black curve is initialized using
assimilation of subsurface temperature (ASSIM_Tz), the thick dotted red curve from Tz and Aquarius SSS
(ASSIM_Tz_SSSAQ) and the dash blue curve from Tz and weekly OI of all available near-surface salinity
(ASSIM_Tz_SSSIS). The thin dotted lines show the significance of the differences assuming
ASSIM_Tz_SSSAQ (red) and ASSIM_Tz_SSSIS. After Hackert et al. (2014). (blue) are greater than ASSIM_Tz
and ASSIM_Tz_SSSAQ is greater than ASSIM_Tz_SSSIS (black) using the Fisher Z test. Note that Fisher Z
test is undefined (thus missing) when this condition fails.

Other ongoing efforts to employ satellite SSS assimilation include those by the Estimating the
Circulation and Climate of the Ocean consortium (http://www.ecco-group.org), the NASA Goddard
Space Flight Center, NOAA’s Joint Center for Satellite Data Assimilation, the UK Meteorology
Office, the French Mercator Ocean, and the Chinese National Marine Environmental Forecasting
Center. In particular, the UK Meteorology Office and Mercator Ocean are conducting an observing
system experiment to test the impacts of satellite SSS data assimilation on simulating the 2015-16
El Niño (https://www.godae-oceanview.org/projects/smos-nino15), an effort funded by the
European Space Agency. The project is also part of the GODAE OceanView’s Observing System
Evaluation Task Team effort.
The fidelity of ocean models in presenting salinity has been not as good as for presenting
temperature. There are three major contributing factors: (1) uncertainties of E-P forcing, (2) lack of
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discharge estimates for many rivers around the world, and (3) the lack of historical salinity
observations (including SSS).
E-P is an important forcing for modelled SSS. In ocean models, E-P forcing is typically obtained
from atmospheric models or analysis/reanalysis products that are subject to relatively large
uncertainties, especially in terms of their global net balance. The errors in E-P forcing cause ocean
models to deviate or drift away from reality. To alleviate this, a common practice in ocean modeling
is to relax modelled SSS towards a seasonal climatology derived from historical in situ
measurements (this is a crude way to compensate for the error of E-P forcing). In fact, a similar
approach was used for SSTs (i.e., relaxing toward seasonal climatology) before the sustained
development and improvement of the operational satellite SST observing system. Relaxation of
modelled SSS to seasonal climatology tends to reduce the amplitudes of the non-seasonal SSS
signals in ocean models. The development of the Argo system has provided broad-scale SSS
measurements in the past decade. However, the Argo array is not global (it has limited to no
coverage in many marginal seas, coastal oceans, and polar oceans). Satellite SSS observations thus
provide a potentially important database for constraining ocean models to correct for errors in E-P
and model representation of ocean dynamics.
In coastal oceans and marginal seas significantly affected by rivers, freshwater input from river
discharge is an important forcing factor for SSS. However, due to the lack of accurate observations
for the discharges of many rivers around the world (especially for interannually varying time series
and near real-time data availability), a common practice in ocean models is to use estimates of
seasonal climatology for river discharges (e.g., those from Dai and Trenberth, 2002 or other
sources). SSS variations near river mouths in ocean models typically have little interannual
variations even though satellite SSS data have revealed substantial interannual variations near some
river mouths (e.g., Grodsky et al., 2014; Fournier et al., 2016a).
Therefore, the assimilation of satellite SSS data, especially in coastal oceans and marginal seas
where in situ data tend to be sparse (or non-existent), can help improve the representation of salinity
structure in ocean models. The improvement of salinity in these regions have significant
implications to marine biogeochemistry.

Treatment of biases in observations and models in assimilation
An important issue in assimilating SST and SSS observations are potential biases in the data. Some
assimilation schemes assume that the data are un-biased whereas in reality biases do exist in the
data. For example, there are relative biases between SST datasets based on infrared and passive
microwave sensors. Significant biases still exist in satellite SSS measurements. Biases can limit the
effectiveness of the data in constraining the model representation of the temporal variability,
especially when (and where) the magnitude of the biases are not small comparing to the magnitude
of the temporal variability. Bias correction schemes have been employed in some assimilation
systems to alleviate this issue. An example is the UK Meteorology Office’s FOAM-NEMOVAR
system (https://www.metoffice.gov.uk/binaries/content/assets/mohippo/pdf/t/e/frtr578.pdf) where
bias correction was applied to the SST data by referencing the biased SST data to a reference set of
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observations that are known or assumed to be unbiased, similar to the procedure applied by Martin
et al. (2007). Biases in observational data are not necessarily unique to SST and SSS and the related
assimilation, but present in other observations as well.
Model biases also reduce the effectiveness of the assimilation to constrain the temporal
variability in the model using temporal signals in the data. This is because the assimilation works
hard to correct the model biases using the observations, thus limiting the influence of the temporal
variability in the observations to constrain the temporal variability of the model. A widely-used
approach to tackle this issue is to perform anomaly data assimilation, i.e., only use the temporal
variability in the observations to constrain the counterpart in the model (e.g., Hackert et al., 2014).
In the ECCO estimation system, the time mean state and temporal anomalies of the model are
constrained by the corresponding values of the observations, respectively, by separating the
constraint on the time mean and temporal anomalies separately in the cost function. Moreover, the
control variables (e.g., surface forcing) are also separated into time mean and temporal anomalies,
weighted by the respective a priori uncertainties.

Importance of understanding uncertainty characteristics of
SST and SSS observations
It is also important to understand the uncertainty characteristics of the SST and SSS observations
that assimilated into models beyond just the biases. There are three important sources of
uncertainties for satellite SST observations: (1) effect of clouds on SST from infrared sensors, (2)
ability to resolve diurnal variability, and (3) larger uncertainties in the Arctic Ocean. In particular,
the GHRSST Project has identified the latter to be an important issue in terms of improving satellite
SST data. The larger discrepancies among satellite SST products in the Arctic Ocean and
differences from in situ SST data were reported by (Castro et al., 2016), who found large differences
of various level-4, blended GHRSST products in the Arctic Ocean. The GHRSST Multi-Product
Ensemble project produces median and standard deviation (Fig. 11.7) based on a dozen GHRSST
products (https://www.ghrsst.org/latest-sst-map/) for the global ocean. The GHRSST Multi-Product
Ensemble provides important resources to understand the consistency and uncertainties of the
GHRSST products.
As discussed in earlier, L-band satellite SSS data generally have larger uncertainties in highlatitude oceans. This is in large part due to the poor sensitivity of L-band TBto SSS in cold-water
(<5 oC) environment. The larger uncertainty of SST (an ancillary data used in SSS retrieval) also
contribute. As an example, the standard deviation values for various spatial scales between monthly,
level-3 Aquarius Version-4 SSS and the 5 m salinity from an Argo-based monthly gridded product
from the Scripps Institution of Oceanography is shown in Fig. 11.8 (Lee, 2016). The discrepancies
between the Aquarius SSS and the Argo product in high-latitude oceans are larger than those at
lower latitudes by a few times. Similarly, SMOS and SMAP SSS products have larger discrepancies
with Argo products (not shown). This error structure is helpful to the assimilation of Aquarius SSS
data.

284  TONG LEE AND CHELLE GENTEMANN

Figure 11.7. The spread among 11 SST products on 27 September 2017 (from https://www.ghrsst.org/latestsst-map) as part of GHRSST’s Multi-Product Ensemble comparison project, which is from the Copernicus
Marine Environment Monitoring Service. © Crown copyright, Met Office.

It is important to note that the discrepancies between satellite SSS and the in situ-based gridded
near-surface salinity products cannot be entirely contributed to the errors of the satellite SSS. The
sampling differences between satellite SSS measurements (averages with the satellite footprint) and
in situ (point-wise) measurements as well as the mapping errors also contribute. The nominal
density of the Argo array is one profile 3°x3° at 10-day intervals. In areas with strong currents and
divergence, the sampling of the Argo array may further reduce. As discussed earlier, in regions with
high-frequency and small-scale variability, there will be larger sampling errors from Argo (e.g.,
insufficient sampling to accurately represent monthly averages on 1°x1° or 3°x3° scales. In fact,
Figs. 11.8d and 11.8e illustrate relatively large standard deviation values between the Argo-Scripps
product and that from University of Hawaii in regions of strong variability (e.g., tropical rain bands,
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river plumes, western boundary currents, Antarctic Circumpolar Current, etc.). The white-out areas
in the third column of Fig. 11.8 show the locations where the differences between Argo-Scripps and
Argo-University of Hawaii are larger than those between Aquarius and Argo-Scripps. If one
excludes these areas, the areal average standard deviation between Aquarius and Argo is
significantly smaller (the red values in the third column). The relative uncertainties of satellite and
in situ SSS data due to the sampling differences need to be considered in assimilating salinity data
in models with various resolutions. Even though the example above is for gridded satellite SSS and
Argo products, the issue also applies for level-2 satellite SSS and individual in situ salinity
measurements, as discussed earlier in this chapter.

Figure 11.8. Standard deviation of SSS differences between Aquarius and Argo-Scripps on (a) 1°x1°, (b)
3°x3°, and (c) 10°x10° scales and between (d–f) Argo-Scripps and Argo-University of Hawaii on these scales.
The values in Figs. 1a–1c represent upper-bound Aquarius SSS accuracies. (g–i) The estimated lower-bound
Aquarius SSS accuracies obtained by removing the variance at each location in Figs. 1d–1f from that in Figs.
1a–1c then took the square root. The whited-out mid-ocean grid points in Figs. 1g–1i indicate where the
discrepancies between the two Argo products are larger than those between Aquarius and Argo. The red
numbers indicate the respective global averages of standard deviation. After Lee (2016).
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