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Abstract

An algorithmic approach, based on satellite-derived sea-surface (“skin”) salinities (SSS), is proposed for
converting skin salinities into comparable in situ (“bulk”) salinities for the top-5 meters of the subpolar and
Arctic Oceans. Using Argo float data from the top-5 meters of the ocean to address the mismatch between
the skin depth of satellite L-band sea-surface salinity (SSS) measurements (∼1 cm) and the thickness of top
model layers (typically at least 1 m), Level-2 Soil Moisture Active Passive (SMAP) satellite SSS observations
are effectively converted into bulk salinities in preparation for routine assimilation into operational ocean
forecast models. A challenge is that SSS in regions with no Argo floats (e.g., the subpolar and Arctic Oceans)
are poorly constrained in ocean forecast models while satellite-derived products for these regions currently are
not suitable for assimilation.

Level-2 sea-surface salinity (SSS) from L-band satellite observations:

• Biased at high latitudes due to errors in dielectric constant and ancillary winds/sea-ice/sea surface
temperatures (low signal-to-noise ratio of brightness temperatures)

• Needs to be adjusted for the skin-effect to assimilate in data assimilation models in many regions, but
evaporation’s impact is small at high-latitudes

Algorithm

Generalized Additive Model (GAM) for SSS bias:

∆SSSbulk(x, y, t) = f0 + f1(t) + f2(∆SSS) + f3(SSSskin) (1)

+h(SSSskin, SST, λ, winv, Qsens, Qlat, E, qhum,∆SSS),

then calculate skin-effect and corrected bulk-surface salinity:

SSSbulk(x, y, t) = SSSsat(x, y, t) + ∆SSSbulk(x, y, t) (2)

GAM terms

Term Description

fi(·) Smoother functions for i = 0...3
h(·) Tensor product of pairwise variables

SSSskin Satellite-derived SSS from SMAP
t Julian day relative to January 1 of 1970
z Depth of the in situ observations
λ Empirical coefficient

Qsens Sensible heat flux from OAFlux
Qlat Latent heat flux from OAFlux

SSTbulk Sea-surface temperature in Celsius from OAFlux
Le Latent heat of evaporation calculated using TEOS-10
α Thermal expansion coefficient calculated using TEOS-10
β Haline contraction coefficient calculated using TEOS-10
cp Specific heat of seawater calculated using TEOS-10

ν = 1.4 × 10−6 is the kinematic viscosity of seawater
p Pressure

k thermal conductivity of seawater (in W m−1 K−1)

g = 9.806 m2 s−1 is the acceleration due to gravity
τ wind stress from OAFlux
ρ in situ density calculated using TEOS-10

winv = (τ/ρ)−1/2 is a function of the inverse wind stress
E Evaporation from OAFlux

qhum Near-surface humidity from OAFlux
∆SSS = fcSSSskinλEwinv, bias correction

Table 1: Descriptions of terms in the GAM.

Comparison of Level-2 SMAP SSS with in situ salinity from top-5 meters:

a) SMAP SSS
vs OMG salinity

b) SMAP SSS
vs ShipCTDs salinity

c) SMAP SSS
vs Underway salinity

d) SMAP SSS
vs Saildrone salinity
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Figure 1: SMAP Level-2 skin SSS for April 2015 to December 2020 (abscissa) sampled within 50 km and 3.5 days of all in situ observations in the top-5 meters

versus the bulk SSS from in situ observations in the top-5 meters (ordinate) from the Oceans Melting Greenland (OMG – panel a), ship-based CTD hydrography

(panel b), Underway (panel c), and Saildrone (panel d) campaigns. Also shown are the locations where the comparisons between the SMAP SSS product and the

in situ observations are made (pink dots, regions circled). For the relatively few ship-based CTD hydrography and Saildrone match-ups with the SMAP data, their

disagreement is smaller than the OMG data comparisons with SMAP data. The Underway data comparisons with SMAP data have at least two distinct clusters

of salinities due to the contrasting salinities across ocean basins.

SSS statistics without algorithmic corrections:

b) SMAP SSS standard deviation

c) SMAP SSS skewness d) SMAP SSS seasonal cycle amplitude

a) SMAP SSS average (April 2015-Dec 2020)
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Figure 2: SMAP Level-2 sea-surface salinity (SSS) product statistics for the period April 2015 to December 2020: a) SSS average, b) SSS standard deviation,

c) SSS skewness, and d) SSS seasonal cycle amplitude. The maps synthesize the SMAP data without interpolation, but average all data over each nearest 50-km

by 50-km grid point and over each 8-day time period. The SSS is, on average, typically between 33-35 pss, but can be lower to the east of Svalbard. In regions

with lower SSS, the SSS standard deviations can be as high as 4-5 pss. The standard deviations of SSS tend to get smaller with distance from the perennial,

sea-ice-covered regions. The same is true for the SSS skewness (Fig. ??c), except the skewness values tend to be negative (possibly due to ice melt and/or

run-off, unless precipitation events affect SSS more at high northern latitudes than elsewhere).

Evidence of sea ice-salinity interactions without algorithmic corrections:

(b) Mixing lengthsa) Number of anomalously high SSS events
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Figure 3: High-latitude satellite sea-surface salinity (SSS) anomalies and trends shown in heat-map colors: a) anomalously high SMAP Level-2 SSS product

sea-surface salinity (SSS) for the period April 2015 to December 2020, computed by counting the number of 8-day averages where the average SSS is exceeded

by more than three times the SSS standard deviation and b) the mixing length scales calculated as the ratio of the temporal standard deviations from Level-2

SMAP SSS data (April 2015 to December 2020) to the horizontal spatial gradients of SSS from the Level-3 daily Earth & Space Research SMOS product

(January 2011 to December 2020). The cyan (green) contours in each panel indicate the minimum (maximum) sea ice extent over all winters between

2015-2019. Greater temporal fluctuations in SSS near sea ice can be explained by retreating sea ice leaving relatively fresh water behind as well as by more

frequent absence of sea-ice cover resulting in greater salinity values, which have a colder freezing temperature (and possible bias). Horizontal SSS gradient data

suggest there are significant (increasing and decreasing) trends close to the perennial sea-ice edge. Anomalously large SSS also align close with the marginal ice

zones. The regions with statistically significant horizontal SSS gradients or anomalously high SSS values always occur where the mixing lengths are small.

The algorithm improves agreement with Arctic in situ salinities in top-5 meters:
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Figure 4: Comparison of in situ and Level-2 SMAP SSS observations (sampled within 50 km and 3.5 days of in situ bulk surface salinity observations) for the

period of April 2015 to December 2020 (abscissa = SMAP, ordinate = in situ): SMAP – Left) observations, Right) skin-effect and corrected Level-2 SMAP

data; in situ – Top) Saildrone, Bottom) Underway. The disagreements between the corrected bulk surface salinity product from SMAP and each of these in situ

data sets are typically less than 2 pss, with negligible bias overall, but disagreements near the coasts, where there is freshening from ice sheet melt, can be much

greater.

SSS statistics for algorithmically-corrected SMAP data:

b) SMAP SSS standard deviation

c) SMAP SSS skewness d) SMAP SSS seasonal cycle amplitude

a) SMAP SSS average (April 2015-Dec 2020)
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Figure 5: Statistics for SMAP Level-2 sea-surface salinity (SSS) product, corrected for the skin effect and bias (April 2015 to December 2020): a) SSS average,

b) SSS standard deviation, c) SSS skewness, and d) SSS seasonal cycle amplitude. The product synthesizes the products without interpolation, but averages all

data over each nearest 50-km by 50-km grid point and over each 8-day time period, the same as for the statistics shown in Fig. ??. The average corrected bulk

surface salinity values are fresher in the North Pacific, Bering Sea, Chukchi Sea, Davis Strait, Hudson Bay, and coastal Greenland regions and saltier in the

subpolar North Atlantic Ocean, Norwegian Sea, and Barents Sea regions. There are large corrected surface salinity seasonal cycle amplitudes for a greater

proportion of the marginal ice zones on the Siberian Shelf. The corrected bulk surface salinity standard deviations and skewnesses have large magnitudes only for

narrow bands near the perennial sea ice and the coasts.

Conclusions

• Root-mean-square error (RMSE) between the SMAP SSS product and several in situ salinity observational
data sets for top-5 meters in the subpolar and Arctic Oceans can be larger than estimated uncertainties in
SMAP SSS

• RMSE between a machine learning algorithm-based correction to SMAP SSS and in situ measurements is
smaller than estimated uncertainties in satellite-derived products

• Skin-effect is small at high northern latitudes

• Results suggest that OAFlux product is correcting for errors in ancillary wind/sea-ice/sea surface temperature
products

• Algorithm does not correct for biases near coasts
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