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Abstract: Surface wind speed measurements from a satellite radar altimeter are used to adjust altime-
ter sea level measurements via sea state bias range correction. We focus here on previously neglected
ocean radar backscatter and subsequent wind speed variations due to sea surface temperature (SST)
change that may impact these sea level estimates. The expected error depends on the radar operating
frequency and may be significant at the Ka band (36 GHz) frequency chosen for the new Surface
Water and Ocean Topography (SWOT) satellite launched in December 2022. SWOT is expected to
revolutionize oceanography by providing wide-swath Ka band observations and enhanced spatial
resolution compared to conventional Ku band (14 GHz) altimetry. The change to the Ka band suggests
a reconsideration of SST impact on wind and sea level estimates, and we investigate this in advance
of SWOT using existing long-term Ku and Ka band satellite altimeter datasets. This study finds errors
up to 1.5 m/s in wind speed estimation and 1.0 cm in sea level for AltiKa altimeter data. Future
SWOT data analyses may require consideration of this dependence prior to using its radar backscatter
data in its sea level estimation.

Keywords: ocean altimetry; ocean backscatter; Ka band; Ku band; sea surface temperature; sea level;
wind speed; sea state bias; AltiKa; Jason-2; SWOT

1. Introduction

Sea level (SL) and sea surface temperature (SST) are two essential climate variables
(ECVs) [1,2] monitored by the Global Climate Observing System (GCOS) since their in-
creases are two visible consequences of global warming. Their inherent relationship is
complicated, but it is intensely analyzed to understand how SL rise, ocean warming, and
sea surface topography interact and affect our planet as climate varies [3–6]. SL is a particu-
larly sensitive index of climate change since it integrates the impacts of both ocean warming
through the thermal expansion process and ice mass loss from glaciers and ice sheets [7–9].
Over the past 30 years, SL has been routinely measured from space by conventional Ku
band altimetry missions. The series started with the TOPEX/Poseidon satellite in 1992,
then was followed successively by Jason-1, -2, and -3 missions with regular global coverage,
frequent revisits at 10-day intervals, and the same ground track as TOPEX/Poseidon. These
missions have provided the most accurate long-term global mean sea level (GMSL) time
series from 1993 to the present. The latest release, produced by the French space agency
(CNES) and distributed on the AVISO+ website, indicates a GMSL rise of 3.3 mm/yr
(from January 1993 to December 2021) with an unprecedented uncertainty estimate of
±0.3 mm/yr at the 90% confidence level [10]. This very good result has been reached
thanks to accuracy improvement efforts continuously made in all the different aspects of
the altimetry system and to data reprocessing that takes advantage these updated versions.
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However, the recommended GMSL trend uncertainty requirement from both GCOS and
the Intergovernmental Panel on Climate Change (IPCC) has still not been met: 0.3 mm/yr
over 10-year periods [11]. Among the major factors leading to GMSL measurement noise lev-
els of about ±0.5 mm/yr over 10-year periods, correlated errors at short timescales (annual
and below) have been identified [10]. This calls for a better identification/understanding/
characterization/quantification of these errors and/or uncertainties that may come from
mixed origins that include altimeter noise, radiometer noise, geophysical correction uncer-
tainties, modelling errors, and perhaps the currently more problematic geophysical signals,
which, at first, were not considered or assumed to be negligible when focusing on bigger
ones. The net result is in limiting both GMSL error budget assessment and GMSL rise
uncertainty budget description. Being able to pinpoint the exact origins of the GMSL errors
or uncertainties at short timescales and to identify the various improvements that could be
made in the current altimetry observing system will help to meet the scientific demand for
improving GMSL accuracy, stability, and the description of its uncertainty budget.

Among the potential errors affecting GMSL estimation, two are the accuracy and the
long-term stability of the radar altimeter backscatter coefficient (s0). The latter is retrieved
from the altimeter waveforms and is related to the power of the surface-reflected radar
signal. Errors in its values will propagate successively through wind speed (U10) and sea
state bias (SSB) estimations, finally impacting the SL records. Ablain et al. [12] reported that
small 0.2 dB TOPEX s0 anomalies that lie within the instrumental stability requirements
alter the GMSL trend by nearly 0.1 mm/yr over a 20-year satellite measurement period.
This level of impact is significant given the GMSL stability goals. Ablain et al. [12] also
highlighted that such features strongly affect interannual GMSL variations, with associ-
ated errors reaching 2 mm. Note that to reach 0.1 mm/yr stability in GMSL [13], it is
necessary to have 0.01 dB/yr stability on s0 [14]. The usual requirement for s0 stability of
0.1 dB/yr seems to have been set too large and looks incompatible with the agreed-upon
GMSL requirement.

Amongst the various attempts to reduce the error/uncertainty in the altimeter data
record, SST’s direct impact on ocean s0 data has, thus far, been neglected because of its weak
impact on Ku band measurements: at most, ~3% over the full interval of SST values [15].
However, this aspect may warrant a revisit since this expected error depends on the radar
operating frequency and the large regional SST variations. Indeed, Vandemark et al. [15]
pointed out a 14% variation in s0 in the Ka band linked to this SST effect on the flat surface
reflectivity for seawater. This error looks significant in the Ka band and this is the operating
frequency (36 GHz) for the new Surface Water and Ocean Topography (SWOT) satellite
launched in December 2022. This mission opens a new era for satellite altimetry with the
first-time provision of wide-swath observations.

The move towards the Ka band was dictated by the expressed scientific need for finer-
scale observations of the mesoscale variability to a degree that allows a proper description
of the oceanic eddy field and the interactions of this field with the mean field (i.e., at
spatial resolutions of 15 km and larger). Such a constraint concerning the spatial and
temporal resolution of a MSL measuring system also addresses requirements dealing with
the sampling of the coastal dynamical features or the observation of continental waters. The
SARAL (Satellite with ARgos and ALtiKa) mission launched on 25 February 2013 carries the
first Ka band altimeter. Benefits/innovations related to the use of this microwave frequency
have clearly emerged [16,17]. This opened the path for the SWOT mission designed to
fulfill all requested requirements.

The questions that arise in this context for the altimetry community are whether this
SST effect can still be ignored or not, and to what extent SST change directly influences
SL rise through its computation and not indirectly through the thermal expansion mecha-
nism. Moreover, in this context—where wind retrieval over oceans is well mastered from
altimetry and scatterometry satellite systems and we are continuously seeking for higher
data accuracy—errors and uncertainties coming from secondary factors not accounted for
have been more largely quantified in recent years, and it is often shown that improved U10
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accuracy may be achieved by considering them [15,18–20]. Thus, it seems crucial to more
accurately characterize U10 and SL errors linked to SST to determine to what extent each
mission is impacted by this potential effect and to provide recommendations to improve
altimeter system components and reduce their uncertainties.

This paper aims to reconsider the SST impact on altimeter wind and sea level estimates.
We investigate this in advance of SWOT using existing long-term Ku and Ka band altimeter
datasets. This analysis goes one step further from the path initiated by Vandemark et al. [15]
study. The latter analyzed the impact of SST on U10 based on a one-dimensional wind speed
model; here, we work with two-dimensional models—the function of s0 and significant
wave height (SWH)—used to generate the official GDR-F version of altimeter products
to report impacts on records available to all. This issue may become more important as
altimeter records are extended in the future and the effects of ocean warming become larger.

This paper is structured as follows. Sections 2 and 3 describe the different datasets
and provide an overview of Vandemark et al. [15] approach used to correct s0 for SST
dependency, respectively. Section 4 provides an error assessment of both U10 and SL
estimations. Finally, conclusions and outlooks are presented in Section 5.

2. Data Sources

Nadir-looking altimeters were first developed to measure SL, but the shape and size
of the return signal, the waveform, contain a lot more information about the ocean surface
such as SWH and s0, which can be used afterwards to infer the ocean surface wind speed.
The latter is commonly defined as the value at a height of 10 m above the mean sea
surface, U10. Although altimeters do not provide wind direction (like scatterometers),
their s0 and subsequent wind data have been used for many applications, including the
provision of point-to-point SSB range correction for accurate SL records, the validation
of numerical weather prediction models [21,22], wind climatology and the investigation
of long-term trends in oceanographic wind speed [23–25], rain effect investigations on
altimetric data [26–28], ocean wave period estimation [29–31], and other direct uses of s0
data [32–35]. At the present time, the inversion model functions of altimeter U10 are purely
empirical, and a variety of different relationships have historically been developed. Some
directly translate s0 to U10 by using empirical functions that are calibrated with in situ
buoys and/or model winds [21,36–38]. Refined models introduce a sea state dependence
by including altimeter-measured SWH as a secondary parameter and proxy for the long-
wave tilting of capillary waves. The latter are often developed using collocations between
altimeter and scatterometer datasets [39–41].

As microwaves are scattered by wave facets larger than about 3 times the incident
radar wavelength (~2.2 cm for the Ku band and ~0.8 cm for Ka), the Ka band s0 is more
sensitive to small-scale waves, including shorter gravity–capillary waves that are more
responsive to wind. Thus, the Ka band s0 exhibits a stronger wind speed dependence than
that of the Ku band. This leads to known differences in the relationship between s0 and U10,
particularly at moderate-to-high wind speeds when one compares Ka and Ku band data [32].
For low wind speeds, longer gravity waves contribute significantly to the total surface
roughness, and backscatter differences between the Ka and Ku bands are less apparent.
These observations dictate the development of frequency-specific U10 retrieval algorithms.
There are other secondary air–sea interaction factors that may affect the measurement of s0
and, thus, the accuracy of U10 retrieval, but they are currently neglected.

As stated earlier, the main purpose of altimetric U10 is to describe the SSB range
correction to obtain accurate SL data. SSB correction ranges from 3 to 30 cm in magnitude
and it accounts for range errors from three sources: an electromagnetic bias, a skewness
bias, and a term that combines contributions related to the instrument design, the signal
processing, and the SL computation itself. Because the theoretical modeling and prediction
of SSB remain outstanding challenges, operational SSB models are estimated empirically
for each sensor and are frequency-dependent [42–46]. Uncertainties in any of the input
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estimates (SWH, U10, or possible wave parameters) used to determine this relation can
propagate into the SSB model and are transferred to the SL record.

For this study, we used 1 Hz altimeter measurements extracted from two datasets
compiled over the period of the year 2015; the distance between two successive 1 Hz
samples is ~7 km. The datasets are both based on level-2 GDR (Geophysical Data Records)
products made freely available by CNES and AVISO (Archiving, Validation, and Interpreta-
tion of Satellite Oceanographic data). The Ka band data come from the AltiKa altimeter
in its latest processing version (GDR-F) [47], while the Ku band ones are from the Jason-2
altimeter launched on 20 June 2008, also in its latest processing version available at the
time of this study (version D) [48]. s0, altimeter U10, and SSB data are provided in these
GDRs. U10 estimations are based on 2D models: Collard’s [40] model is used for Jason-2
data, while Tran et al. [41] model is used for AltiKa data. SSB models in their 2D version
(based on SWH and U10) are also used as indicated in each altimeter product handbook.
Coincident U10 estimations from analyses by the ECMWF Integrated Forecasting System
(IFS) (6 hourly, 0.5◦ spatial resolution) are also provided in these products; the interpolation
at the altimeter time and position is performed in the product generation chain. For the
altimeter quality control, we used the CLS screening process from cal/val activities to
discard all questionable measurements including sea-ice-contaminated data.

Concerning ancillary SST data, they come from NOAA optimal interpolated sea
surface temperature daily products (OISST version 2, also known as Reynolds’ SST) based
on AVHRR sensors and in situ observations [49]. They are provided on a global regular
0.25◦ (~30 km) grid. For this study, the OISST data were interpolated in space and time
to coincide with each altimeter measurement and added in each dataset. Note that SST
estimations from an hourly L4 product distributed through the Copernicus Marine Service—
the OSTIA (Operational Sea Surface Temperature and Ice Analysis) SST product produced
by the U.K. Met Office [50]—were also used over a 10-month period (availability started
from 24 February 2015 only). The result differences were small, did not significantly change
our conclusions, and are not reported hereafter. The main SST variation (between −2 and
32 ◦C) is observed with respect to latitude; then, the annual variation cycle can reach ~10 ◦C
locally and the diurnal variation related to the local measurement time is only up to ~3 ◦C.
At the first order, it is thus the latitudinal variation in SST that will be discussed in the
following global SST impact evaluations, and OISST data are relevant for that purpose. The
altimeter U10 bias against both averaged SST and ECMWF wind speed levels is examined
in Figure 1. Wind speed differences between the altimeter and ECMWF were binned into 1◦

in SST and 0.5 m/s in ECMWF wind speed boxes; then, the mean wind speed biases were
calculated as a function of the wind speed and SST. The results are displayed separately for
the Ka and Ku band altimeters. They show evidence of a systematic SST-dependent error
in the altimeter U10 estimations over the common values between 2 and 18 m/s. The bias
patterns are similar in panels (a) and (b). Altimeter estimations are globally larger over cold
waters than values indicated by the model, while they are lower in very-warm-SST and
high-wind-speed conditions. The SST-related error in the Ka band is greater than in the Ku
band. The results suggest that Ku vs. Ka band biases (i.e., main features) do not depend on
the model used for wind retrieval, but appear likely to come from the same geophysical
phenomenon, an SST dependence on s0 that is frequency-dependent. These results confirm
the observations previously reported in Vandemark et al. [15] study, based on a 1D wind
model, for which they proposed a correction that is described in the next section.

Note that this study focuses strictly on the frequency-dependent dielectric change with
the temperature of sea water itself: the so-called flat surface radar reflectivity. There exists
another SST–wind coupling related to a local/dynamical phenomenon occurring across
SST gradients. Indeed, wind accelerates over warmer water masses and decelerates over
colder water masses [51–57]. However, the radar altimeter wind speed retrieval algorithm
should be adjusted for the first one, even across SST fronts. Conversely, the dynamical
wind–wave change across the fronts should already be captured by the relative radar
backscatter change (and resulting wind speed). No SST corrections for these inferred wind
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speed changes should be made. In effect, if the true wind speed changes across an SST
gradient, then the waves and the sea state bias correction will change as well. The two
SST-dependent impacts (flat surface and wave-induced) on the altimeter backscatter are
assumed separable.
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3. Correction for SST-Effect on s0 Based on a Sea Water Dielectric Constant Model

Vandemark et al. [15] proposed a first-order geophysical correction to mitigate this
SST effect on s0. The main aspects are briefly summarized in the following section before
applying it to estimate SST-related errors in U10. It is based on the reasonable assumption
that nadir altimeter s0 behavior follows a quasi-optical backscattering model [58] since the
specular reflection mechanism dominates. s0 can be expressed as: s0 ∼= |R2|/msseff. Here,
note that s0 is in natural units (not in decibels (dB)). R is the Fresnel reflection coefficient
of air to the sea surface for normal incidence. It is computed as: R = (1−

√
ε
)
/(1 +

√
ε),

where ε is the dielectric constant of sea water. The latter is related to the salinity, SSS, and
temperature, SST, of the sea water and radar frequency by a model function, ε (SST, SSS).
In the following, the semi-empirical εmodel from Meissner and Wentz [59] at microwave
frequencies is used. It is valid for an SSS ranging between 0 and 40 psu and an SST between
−2◦ and 32 ◦C. msseff is the effective mean square slope of ocean surface roughness. It is
an effective value and not a total one, because only waves several times longer than the
radar wavelength are seen by the sensors [58]. This value is constant for a fixed sea surface
roughness state. It is obvious here that the altimeter s0 is directly related to SST.

In the following, a point-to-point s0 correction is applied using coincident SST esti-
mates. Each Jason-2 or AltiKa measurement is adjusted for reflectivity variation with an
adapted scaling factor as described by the following steps:

1. Convert s0 from dB (as provided in GDR) to a linear unit value, denoted as s0_lin:
s0_lin = 10ˆ(s0/10).

2. Adjust each s0_lin with the scaling factor β = ρ(SST_ref)/ρ(SST), where ρ = |R2|, to
obtain the corrected value denoted as s0_lin_corr: s0_lin_corr = s0_lin × β. SST_ref is
taken at 18 ◦C and corresponds to the median value of the SST distribution over the
2015 period from the altimeter global dataset.

3. Convert the s0_lin_corr from linear units back to a dB value to obtain s0_corr: s0_corr
= 10 × log10 (s0_lin_corr).

Because the SSS impact is ~10 times lower than the SST effect, we neglect here the SSS
influence and investigate only the SST effects, assuming a fixed SSS (35 psu). As reported
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by Vandemark et al. [15], this approach suppresses the ~3% and ~14% variations in s0 in
the Ku and Ka band, respectively, due to the SST-dependent reflectivity change over the
full range of SST variation.

The s0 biases associated with this SST dependence are shown in Figure 2 as a function
of both SST and ECMWF wind force. There is no bias change with respect to the wind speed
conditions as expected in the s0 correction design. The effect on the Ku band s0 is quite
small; the biases increase when the SST decreases from 14 ◦C to 0 ◦C. The change barely
reaches +0.12 dB in polar regions. Note that altimeter data for SSTs lower than 0 ◦C were
removed from the assessment because of the potential contamination of the measurement
by sea ice. In warmer conditions, there is no change in s0 above 15 ◦C because of the flatness
of ρ behavior in the Ku band (as seen in Figure 1 of Vandemark et al. [15] publication). For
the Ka band, besides (by definition) the zero-dB bias at 18 ◦C, the biases increase as the
SST decreases towards 0 ◦C. They can reach +0.43 dB (almost 4 times the Ku band changes)
in the coldest seas, while the s0 biases become gradually more negative towards warmer
areas (SST > 18 ◦C) and are down to −0.16 dB at 30 ◦C. There is a change in s0 of almost
0.6 dB for the same wind conditions between polar regions and equatorial areas.
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4. SST-Dependent Errors in Altimeter Wind and Sea Level

The SST-corrected s0 data were then used to retrieve wind speed by applying the op-
erational models to produce new Jason-2 and AltiKa wind estimations. Their comparisons
with the nominal values are shown in Figure 3. In the Ku band, the s0 differences in panel
(b) translate to small differences in U10. They range between −0.6 and +0.05 m/s when
going from the coldest seas to the warmest SST areas. These new Jason-2 data show a closer
agreement with the ECMWF U10 data when one compares with Figure 1 results. Most
of the SST-dependent errors seen in the nominal U10 values are well reduced by the ad
hoc correction applied on the nominal s0 to adjust them. The new altimeter U10 biases are
solely a function of the ECMWF U10 level under most conditions.

The improvement is more obvious and significant in the Ka band, as seen in panel (a)
of Figure 3. The U10 biases related to the SST correction vary between −1.5 and +0.5 m/s
when moving from the coldest SST to the opposite warmest conditions, especially for winds
above 10 m/s. If most of the SST dependence in Figure 1 is removed, some residual features
remain. In the Ka band, these concern situations where the SST is larger than 18 ◦C and
winds are lying above 14 m/s, while for the Ku band, the differences with ECMWF data
show a small residual SST dependence for SSTs colder than 10 ◦C and winds below 5 m/s.
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These residual signatures might have originated from various sources: (1) errors
related to the altimeter U10 model calibration or ECMWF model estimations that are larger
for low- and high-wind conditions; (2) SST-dependent parameters that we did not consider
here: surface tension and water kinematic viscosity, for example, which potentially may
have influenced the observed s0 from the ocean; (3) errors in the dielectric constant errors;
or perhaps (4) errors coming from the atmospheric attenuation correction applied on the
altimeter s0 data under rainy and windy conditions and mostly affecting the Ka band s0
data in the equatorial band [60]. There are certainly also other errors that we omitted in
this list here.

Indeed, besides the SST dependence in the dielectric constant of seawater that we
accounted for, the SST physically also affect two other parameters which, potentially, may
have influenced the observed s0 from the ocean: surface tension and water kinematic
viscosity. They were both not considered here because they are more difficult to handle.
Surface tension is relevant for roughness generation at low winds and has a linear depen-
dency on the SST. As the SST decreases, surface tension increases, and less roughness will
be generated for a given wind level. For higher winds, wave breaking will start to occur,
and dynamic viscosity that decreases with the SST will come to play a role in dissipating
the roughness generated by the breaking events. In Figures 1 and 3, the observed biases
also include such smaller effects and errors.

Finally, the impacts on the altimeter SL estimates were examined after the application
of the operational 2D SSB model on each updated U10 values for the Jason-2 and AltiKa
datasets, respectively. The results are provided in Figure 4. Correlated with the observed
U10 biases in Figure 1, the largest SSB changes occur in the coldest seas (typically found
above latitudes of 50◦S or 65◦N). For the Ku band data, the SST correction impact on the
SSB estimations is small, within [−2, 2] mm, and this level of bias is typically considered
negligible. Note, however, the bimodal change in the cold water SL estimate in the Ku band,
where a positive bias is seen at moderate wind speeds, while a negative bias is observed at
higher winds. This is due to nonlinear behaviors integrated in the SSB models and describe
with SWH and U10 parameters.

Concerning the Ka band results shown in Figure 4, the impacts are greater, as expected,
since the Ka band SSB behavior is more sensitive to changes in wind speed, and also
because the U10 change with SST is larger. As for the Ku band, the effective SST correction
impacts on SL also depends on wind speed, but in a different manner and mostly for the
coldest and the warmest waters. The most significant changes (>5 mm) occur in polar
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regions, when the SST < 4 ◦C and the wind conditions are above 14 m/s. It can even reach
1 cm for stronger winds above 18 m/s.
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The patterns in Figures 3 and 4 are very different from each other because the main
driving parameter for each algorithm is not the same, although they both rely directly or
indirectly on s0 and SWH. In contrast to the wind speed modelling, where s0 is the main
driver in the retrieval, for SSB correction, the primary driver is SWH, while U10 acts as a
secondary factor. Moreover, as the SST and SWH data show anticorrelated variations and
since the SSB behavior is also highly nonlinear, all add up to blur the SST signature in the
SL records.

Figure 5 displays a geographical map of AltiKa SSB differences that translate directly
as SL differences. The application of the SST correction on s0 removes large-scale biases of
a few mm with respect to latitude. Negative bias values (−0.06 cm) are observed around
the equator in the subtropical belts where the warmest waters (>26 ◦C) are located and
trade winds flow with average speeds of ~5–6 m/s. The other negative bias region in blue
is located between −40◦S and −70◦S, where SSTs are below 15 ◦C and westerly winds flow.
In contrast, large positive biases occur over regions where cold SSTs and high winds are
both present. This occurs mostly during austral winter when SSTs are the coldest (around
0 ◦C) and the pressure is low over the south pole, generating westerly winds above 15 m/s.
Bias patterns are less defined in the Northern Hemisphere above 50◦N because of the
more changing wind flows. The patterns in the tropical belt are rather steady due to more
stable SST and U10 conditions, while at latitudes closer to the poles, the air/sea conditions
are more variable year-round. Overall, the SST-dependent errors on SL estimations are
clear although weak at the mm level, on average, and display a large-scale trend between
equatorial area and polar regions.

Even if global and regional MSL trends should not be affected by such an SST impact
on s0 related to variations in the seawater dielectric constant, and this in the Ku and Ka
bands, it may come into play when assessing uncertainties in computed regional trends
(for example in polar regions) where estimate uncertainty must confront high frequency
variability. At least in the Ka band and for SSTs below about 8 ◦C, the results also suggest
that implicit coupling that occurs between the empirical altimeter wind speed and SSB
models might be revisited to account for the SST impact on the backscatter. As climate
change is amplified at the poles, this SST effect on altimeter s0 and its net impact on the SSB
range correction and SL may slowly change in a mean sense alongside any polar region
temperature trends.
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5. Conclusions

The results reported by Vandemark et al. [15] clearly indicated that the retrieved
Ka band wind speed estimation (from older GDR-T products) carries an SST-dependent
error that can reach 1 m/s in polar regions when AltiKa and ECMWF U10 estimations are
compared. They observed altimeter overestimation in cold water and underestimation
for very warm SST and U10 larger than 5 m/s. They linked this error to SST through
the Fresnel reflection coefficient dependency that is currently neglected in s0 data. This
feature does more largely impact the Ka band s0 than that for the Ku band for altimetry
applications. The application of their point-to-point ad hoc correction using collocated SST
estimations leads to an obvious reduction in the wind speed bias that is especially evident
in colder water.

In this paper, we confirmed their past results and went one step farther by evaluating
the impact on SL records based on the most up-to-date algorithms and data (i.e., the latest
GDR-F version for AltiKa) available at this time. The present analysis indicates that this SST
effect translates to a wind speed estimation error of as much as 1.5 m/s and an error up to
1.0 cm in sea level records through SSB correction in the worst SST and U10 conditions. For
comparison, in the Ku band, the errors in U10 and SL reach 0.6 m/s and 0.2 cm, respectively,
when they are evaluated from Jason-2 data over the same period. However, the worst
cases correspond to a relatively small fraction of the data population and should, therefore,
lead to a negligible impact on global and regional MSL trend estimation. The application
of this SST correction on s0 in this framework of repeated water level observations still
looks interesting since it removes large-scale biases of a few mms. The recommendation
is made to the space agencies in charge of altimetry product generation to consider this
corrective step in their processing chain. In addition, SST represents an additional source
of uncertainty that needs to be considered in the SL uncertainty budget.
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Despite this, it is advised to keep providing the s0 data as nominally measured by
altimeters in official products (i.e., without SST correction) to allow each user of altimeter
s0 to evaluate the SST impact on their own developed applications. In the case of altimeter
wind retrieval, SST has a significant impact on the Ka band estimations over colder seas
that is much larger than on the Ku band ones. Thus, intercalibration between U10 products
obtained from measuring systems operating at different frequencies should be handled
with care to generate multi-mission wind products [61].

Finally, the SST impact is expected to be similar on s0 measurements, wind speed, and
SSB estimations between standard nadir-pointing radar (AltiKa) and the innovative SWOT
radar interferometer because only of the frequency choice. This has nothing to do with
differences in radar technique. Moreover, Figure 6 provides an overview of how this AltiKa
SST-related SSH error fits into SWOT’s total error budget described in Esteban-Fernandez’s
document [62]. As seen, the oceanographic measurement requirement for SWOT science
baseline is specified as a 1D (along-track) power spectral density for wavelengths below
1000 km and sets to be one order of magnitude below the ocean signal. The AltiKa SST-
related error spectrum is largely below the SWOT baseline and represents only ~1% of the
SWOT SSH error budget for all the wavelengths considered. This SST-dependent error
can, thus, still be neglected for SWOT when considering its core objective, which is to
characterize the ocean mesoscale and sub-mesoscale circulation at spatial resolutions of
15 km and larger. However, this may require consideration when comparing/combining
the Ka-band Radar Interferometer (KaRIn) data (i.e., the scientific heart of the SWOT
satellite) with the conventional Ku band nadir altimeter data, both operating on SWOT, on
the topic of wind retrieval.
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