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Abstract: Subfootprint variability (SFV) is variability at a spatial scale smaller than the footprint of
a satellite, and cannot be resolved by satellite observations. It is important to quantify and under-
stand as it contributes to the error budget for satellite data. The purpose of this study is to estimate
the SFV for sea surface salinity (SSS) satellite observations. This is done using a high-resolution
(1/48°) numerical model, the MITgcm, from which one year of output has recently become available.
SFV, defined as the weighted standard deviation of SSS within the satellite footprint, was computed
from the model for a 2°X2° grid of points for the one model year. We present maps of SFV for 40
and 100 km footprint size, display histograms of its distribution for a range of footprint sizes and
quantify its seasonality. At 100 km (40 km) footprint size, SFV has a mode of 0.06 (0.04). It is found
to vary strongly by location and season. It has larger values in western boundary and eastern equa-
torial regions, and a few other areas. SFV has strong variability throughout the year, with generally
largest values in the fall season. We also quantify representation error, the degree of mismatch be-
tween random samples within a footprint and the footprint average. Our estimates of SFV and rep-
resentation error can be used in understanding errors in satellite observation of SSS.

Keywords: sea surface salinity; subfootprint variability; errors; validation

1. Introduction

Measurements of sea surface salinity (5SS) from a satellite are an important recent
development that has led to an increase in our understanding of the global hydrologic
cycle [1-3]. The retrieval of SSS from radiometric measurements of brightness temperature
at L-band is a complex process [4] developed over many years of effort [5]. The result is a
final dataset from the NASA/SAC-D Aquarius satellite (2011-2015), and ongoing collec-
tion of high-quality data from the NASA SMAP (Soil Moisture Active Passive; 2015-pre-
sent) and ESA SMOS (Soil Moisture and Ocean Salinity; 2010-present) satellites. There are
a number of factors that impact the accuracy of retrieved SSS, including sea state, galactic
background radiation, ionospheric corrections, thermal emission from the antenna, etc.
[4, 6,7]

Measurements of SSS are done at relatively low resolution or large footprint size due
to their use of long wavelength radiation. The footprints are ~100 km for Aquarius [6],
and ~40 km for SMAP [8]. The measurements are essentially weighted averages over the
footprint for real aperture instruments like Aquarius and SMAP. (For SMOS, which uses
an interferometric method, the nature of the image is more complicated, and the footprint
size is variable.) The weighting is approximately a Gaussian function centered at the nadir
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point of the satellite with a decay scale given by the footprint size [9]. Thus, the satellite
estimate incorporates or averages all of the variability within the footprint [10].

The validation process for satellite data typically involves comparing satellite meas-
urements with nearby in situ observations, mainly from Argo floats or moorings [11-15].
These comparisons do not take into account variability within the footprint, and simply
assume that a single point in situ validation measurement represents the footprint aver-
age. This variability within the footprint, or subfootprint variability (SFV), leads to repre-
sentation error (RE), wherein a comparison validation measurement may not correctly
represent the footprint average. RE could be a significant fraction of the total error of the
satellite measurement, but is not considered when the error budget is tabulated [6-8]. In a
sense, it should not be considered an error, as in an inaccurate measurement, at all. It is
just a result of the fact that the satellite and in situ instruments make their measurements
at different scales [10].

SSS SEV has been quantified in a few publications using models and in situ observa-
tions [10, 16-20]. Most relevant to the present investigation is that of D’Addezio et al. [9],
who looked at SFV in a high-resolution model in two specific regions: the western Pacific
and Arabian Sea. In each, they found that SFV depends on location and on the size of the
footprint. Mid-ocean regions had typically low values of SFV, 0.05-0.1 for a 100 km foot-
print. Closer to the coast, or to boundary currents, the SFV could be much larger. The SFV
decreased with decreasing footprint size.

Another important study is that of Vinogradova and Ponte [16], who quantified what
they called “small-scale variability”, essentially the standard deviation inside 1°X1° boxes,
within the 1/12° resolution version of the Hybrid Coordinate Ocean Model (HYCOM).
They published global maps of small-scale variability, showing it is larger near the coast,
within river plumes and near major frontal zones like the Antarctic Circumpolar Current,
Gulf Stream and Brazil-Malvinas Confluence. They showed a distribution of the values
for the globe, with a mode at 0.05.

The work of [10] and [19] has made it clear that SFV is a function of footprint size,
location and season. Each of these studies examined SFV time series at a pair of locations
using in situ observations, one location in the evaporation-dominated high SSS region of
the subtropical North Atlantic and the other in the precipitation-dominated low SSS re-
gion of the eastern tropical North Pacific. In both locations, SFV exhibited strong seasonal
variability. SFV was least in January-April (February-May) at the North Atlantic (eastern
tropical North Pacific) location. Median values of SFV changed by a factor of 2 between
low and high SFV seasons. High SFV coincided with heavy rainfall at the North Pacific
site, but not exactly at the North Atlantic site. [19] examined SFV as a function of footprint
size. They found that SFV increases as a function of footprint size in each location, but
there is a larger dependence on scale at the North Atlantic site. The dependence on scale
itself is a function of season. Both studies relied mainly on in situ data, but also used a
regional high-resolution model based on the Regional Ocean Modeling System (ROMS;
[21,22]) to obtain values of SFV. This is a different model from the one we will use here,
but at a similar spatial resolution (~3 km). The model generally agreed with the in situ
results at the North Atlantic site, but not as much at the North Pacific one. This suggests
that using a high-resolution model to determine SFV is useful in many locations, espe-
cially those without persistent heavy seasonal rainfall.

In this study, we quantify global SSS SFV using a high-resolution model that has re-
cently become available, different from the ones used by [10 and [19] and with 4 times the
linear resolution as the one used by [16]. We look at different footprint sizes, do Gaussian
weighting for computing SFV instead of a simple box standard deviation, and examine
the seasonality of SFV. In addition, we examine RE. This is different from SFV [20] as will
be described below, and better quantifies the sampling error that is expected in satellite
measurement of SSS. Looking at SFV and RE for different footprint sizes can help in the
design of potential future SSS satellite missions, by informing the details of the expected
error budget.
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2. Data and Methods 99

The model we use is the same as that of [23]. It is the MITgcm with a latitude-longi- 100
tude polar cap (LLC) numerical grid. [24] give a lengthy description of the specifics of the 101

model. See also [25-27]. 102
We make brief use of monthly rainfall data from the Integrated Multi-satellitE Re- 103
trievals for GPM (IMERG). See Data Availability Statement for access information. 104
105

2.1 The Global Model 106

The model is divided into 13 square tiles with 4320 grid points on each side, and is 107
thus termed “LLC4320”. The nominal horizontal grid spacing is 1/48° (~2 km at mid-lati- 108
tude) with 90 vertical levels in z-coordinates and effective horizontal resolution of 10 km 109
(Rocha et al., 2016). The period of the simulation spans 13-September-2011 to 15-Novem- 110
ber-2012. However, we only use 1-November-2011 to 31-October-2012 to make a complete 111
year. SSSis saved at hourly intervals (the model time step is smaller than that). The model 112
output in available from 70°S to 57°N. It is forced at the surface with six- hourly surface 113
atmospheric fields from the 0.14° European Centre for Medium-Range Weather Forecast- 114

ing (ECMWF) atmospheric operational model analysis [24]. 115
116
2.2 Subfootprint Variability 117

We computed SFV from the model on a 2°X2° evaluation grid. As the model has such 118
high resolution, working with it is computationally challenging, and this was the smallest 119
evaluation grid that was feasible with available computer resources. Figure 1 illustrates 120
how we computed the SFV at each evaluation grid point (the yellow dot) from the sur- 121
rounding model grid (the red circles). In this case, the footprint size is 100 km, and so the = 122
radius of the footprint is do=50 km (20 km for SMAP). di is the distance from the evaluation 123
grid point to a model grid point. We used model grid points that were within a distance 124
2do of each evaluation grid point, the dark and light blue areas in Figure 1. In real satellite 125
retrieval, the light blue area contains 50% of the information used to formulate the esti- 126
mate, the dark blue area contains 44%, and the area outside the dark blue contains 6%. In 127
our computation using the model the outside region was ignored. We compute SFV, ¢, as 128
a weighted standard deviation as follows: 129

(1)

“C” is the set of all model grid points within a radius 2do of the evaluation grid point, the 130
evaluation area, i.e. the red dots within the dark and light blue areas of Figure 1. Si are the 131
values of salinity at each of these points. S is the weighted average over the evaluation 132
area as described below. The w: are weights assigned to each model grid point for each 133
different evaluation grid point, 134

2 _ Zcwi(Si=$)?

g
Ycwi

w; =e™ 0 (2)(di/d0)2, )

135
so that the values of the wi are 0.5 at a distance equal to do. Using this method, we formed 136
hourly time series of SFV at each evaluation grid point for the model year. We found SFV 137
to be highly seasonal in many places [19], so we made monthly maps some of which we 138
present in this paper and more in the supplementary materials. A quantity we report is 139
the median SFV at each evaluation grid point over some time period (e.g. one month), 140
which is called cs0 hereafter. 141

142
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Figure 1. Schematic illustrating the relationship of the evaluation point (yellow circle), footprint 144
size (2do =100 km in this case) and model grid (red circles). “C” in equation (1) corresponds to the 145
set of all model grid points within the dark and light blue regions in this figure. Model grid points 146
outside of this region are not used in estimating the SFV. The light blue region is the footprint, for 147
which weights, wi>=0.5. This figure is for illustration. For the model used in this study the grid 148
points would be much denser than depicted. This figure is taken from [23]. 149

We also computed an estimate of RE at each evaluation grid point. This was done by 150

first taking the weighted mean of SSS over the footprint, i.e. 151
152
& _ XcwiSi
$= Ycw; ®)
153

We took a single random SSS value from the model somewhere within the footprint and 154
subtracted that from the mean to form a time series of differences at each evaluation grid 155
point. The RE is computed as the RMS of these differences. This process of computing the 156
RE is meant to mimic the use of Argo float data for validation of satellite SSS. 157

3. Results 158

The global distribution of annual cs0 for 100 km footprint (Figure 2a) shows the size 159

of it, and where it is relatively large or small. SFV is large near western boundary currents, 160
such as the Gulf Stream and North Atlantic Current, the Kuroshio Extension and the Bra- 161
zil-Malvinas confluence. The Antarctic front in the South Indian Ocean has a narrow strip 162
of large SFV surrounded by areas of very low SFV. Parts of the tropics have large SFV, the 163
eastern Pacific Fresh pool, and the tropical Atlantic. The Bay of Bengal is another area with 164
large SFV. SFV is especially small in the far eastern South Pacific along about 45°S, in the = 165
Gulf of Alaska, and in the eastern North Atlantic. SFV is lower in the open ocean away 166
from frontal zones, generally less than 0.1, as also shown by [9] for a couple of limited 167
regions. One area where the SFV is smaller than expected is near the Amazon outflow in 168
the western tropical North Atlantic. This area has a large amount of small-scale variability 169
in the map of [16], but not here. This may be due to the use of climatological river dis- 170
charge in the MITgcm [28] rather than the actual measured value. The results at 40 km 171
footprint size (Figure 2b) are similar to the 100 km results, but with smaller values. The 172
Brazil-Malvinas, Gulf Stream and Bay of Bengal regions stand out in this display. Notable 173
low SFV regions are south of the equator in the central Pacific, along the equator in the 174
western equatorial Indian and in the far South Atlantic. 175
176
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Figure 2. a) Median SSS SFV, i.e. o0, for a 100 km footprint for the whole year. Unitless color scale
is at right, with the colors scaling as the base 10 logarithm of the SFV. Boxes with labels in various
locations are keys to the curves shown in Figure 4. b) Same for 40 km, but with no boxes. c) and d)
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display the same median SFV median values as histograms which count the number of 2°X2°
boxes with the given SFV. Note different y-axis limits in panels c) and d).

The distributions of annual s (Figure 2c and d) indicate the magnitude of SFV more
precisely than the maps. At 100 km, the mode is 0.06, but the distribution contains high
outlier values as high as 0.5. The distribution for 40 km is lower as one would expect. The
mode is a little smaller, 0.04, but more strongly peaked and with far fewer high outliers.

We present o5 for a 100 km footprint for two different months, March and September
(Figure 3). These months are chosen because, as will be shown later, they tend to the have
the largest or smallest values of SFV during the course of the year and show the most
contrast. (We have included more months of maps, plus maps for 40 km footprint, in the
supplementary materials, Tables S1 and S2.).

March Median Subfootprlnt Varlablllty ata 100km Footprint
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Figure 3. Median SSS SFV, i.e. o5, for a 100 km footprint for the months of (a) March and (b) Sep-
tember. Unitless color scale is at right, with the colors scaling with the base 10 logarithm of the
SFV.

There is seasonality apparent in the maps of Figure 3 and those at 40 km (Table S2).
The fall hemisphere has larger SFV in general. Compare for example the northern hemi-
sphere fall (Figure 3b) with the northern hemisphere spring (Figure 3a). In the figure large
areas of the North Atlantic and North Pacific show red colors in the fall but yellow and
green in the spring. The same pattern holds for the southern hemisphere fall (Figure 3a)
vs. spring (Figure 3b), though it appears that the degree of seasonality is smaller in the
southern hemisphere. The seasonality of the SFV agrees with prior findings in a couple of
limited regions [10, 19]. It is apparent that the northern hemisphere tends to have larger
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SFV than the southern, even in the same season. Compare Figure 3a northern hemisphere 204
with Figure 3b southern hemisphere, especially in the Pacific basin. Both are spring sea- 205
sons, but the northern hemisphere has generally larger values. Also of note is the fact that 206
the global distribution of SFV does not resemble that of the magnitude of global precipi- 207
tation, for example from [29], their Figure 4 middle. This suggests that the amount of SFV 208
in most parts of the ocean may not be mainly due to the total amount of rainfall, but per- 209
haps some other measure. 210

To see what the SFV looks like more specifically, we examine a few examples of rec- 211
ords in boreal fall (Figure 4b) and spring (Figure 4a). The SPURS-1 (Salinity Processes in = 212
the Upper-ocean Regional Studies — 1; [30]) site in the subtropical North Atlantic (dark 213
blue curves) has a clear contrast between fall and spring with median value over Septem- 214
ber and March of 0.14 and 0.06 respectively. These values are similar to those computed 215
by [10] from in situ observations, and a high-resolution model (not the same one as this 216
paper). At the SPURS-2 [31] site in tropical North Pacific (black curves) the contrastiseven 217
larger, with median values of 0.25 and 0.05 for the fall and spring. The spring values are 218
similar to those of [19], but the fall values given here are lower. The fall record has a couple 219
of episodic events, possibly associated with rain or the approach of the North Equatorial 220
Countercurrent front [32]. SFV is larger in the SPURS-2 box than the SPURS-1 box in the 221
fall, but comparable in the spring. Some other sites also show the same seasonality, such 222
as the site in the Brazil-Malvinas confluence (cyan curve), and North Atlantic current re- 223
gion (beige curve). The western Equatorial Pacific site (red curve) is larger in September 224
than March. It appears that some kind of front passes by this site early in September. The 225
mid-North Pacific site (green curve) and South Indian site (pink curve) have low SFV and 226
little seasonal variation. The mid-North Pacific site has one short higher SFV eventin mid- 227
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Figure 4. a) SFV for the month of March for 100 km footprint for the locations shown in Figure 2a.
The x-axis is in hours starting on 1 March. The legend keys the line color to the box letter. Median
values for the SPURS-1 (box F) and SPURS-2 (box E) over the month are indicated in black and
blue fonts respectively. b) Same as panel a), but for September. ¢) Median SFV for each location as
a function of footprint size for March and d) September.

SFV varies as a function of footprint size, but how much it varies depends on season
and location. There is a stronger dependence on footprint size in the fall than in the spring
(Figure 3c and d).

The values of SFV can be divided by hemisphere and season to show the contrast
between them and get a sense of the amount of variability and distribution of SFV, as
shown in Figure 5. In that figure, the more yellow the color gets, the larger the area where
SFV takes on that value. In the fall season (top row) the distribution of SFV in the southern
hemisphere is strongly peaked at about 0.02 for 20 km footprint, increasing to about 0.04
for 100 km footprint. The northern hemisphere is also peaked at 0.02 for 20 km footprint.
It increases more though, to 0.06-0.07 at 100 km, and has more spread in the distribution
at all footprint sizes. So, in the fall, the northern hemisphere is less strongly peaked, and
has more large outlier values. The spring season (bottom row) is similar. The southern
hemisphere is strongly peaked at low values, whereas the northern hemisphere has more
outliers, especially at large footprint size. Comparing the fall and spring seasons, the top
and bottom rows, the fall season tends to have larger values than spring, and more espe-
cially high outliers.
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Figure 5. Distributions of SFV as a function of footprint size broken out by hemisphere and season.
For example, the values for 100 km (40 km) are determined by taking a histogram of the data dis-
played in Figure 3a (b). Note these are normalized histograms, so the values displayed do not de-
pend on the relative areas of the southern and northern hemisphere oceans. Left column is the
southern hemisphere, right is northern. Top row is the fall season, bottom is spring. a) Southern
hemisphere in March. b) Northern hemisphere in September. c) Southern hemisphere in Septem-
ber. d) Northern hemisphere in March.

SFV has a large seasonal cycle in many places. The degree of seasonality can be ex-
amined by looking at the area where SSS is maximum by month and latitude (Figure 6).
For the northern hemisphere, the month where most area has maximum SFV is in the fall,
November for 100 km footprint, September and November for 40 km. The southern hem-
isphere has similar characteristics, with the largest area having maximum SFV in Febru-
ary-April, i.e. fall. The area of minimum SFV (not shown for brevity) has exactly opposite
phase, with most area being minimum in February (August-October) for the northern
(southern) hemisphere. Breaking this pattern down by latitude, there appears to be rela-
tively little seasonal variation in the northern hemisphere equatorward of 30°N (blue
bars), but stronger seasonality poleward of there (red bars). In the southern hemisphere,
the pattern is different. The area equatorward of 30°S does have a strong seasonal cycle,
as does the area poleward of there. There is a larger area with high SFV, globally speaking,
in the fall and spring seasons than in summer and winter. The global SFV is smallest in
boreal summer, July and August, and largest in boreal fall (November for 100 km foot-
print) or austral fall (March for 40 km footprint).
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Figure 6. Distribution of SFV evaluation points by month. a) The normalized area (area of the two
degree boxes analyzed divided by the total area of the ocean) of SFV is maximum in a given

month for 100 km footprint. Yellow and purple bars are southern hemisphere, 0 to 30°S and 30°S

to 60°S respectively, increasing downward. Blue and red bars are northern, 0 to 30°N and 30°N to

55°N respectively. The box shows the mode, or month with the most locations, November in this

case. b) Same but for 40 km footprint.

Another view of the seasonality of SFV is given in Figure 7, which shows the contrast
between the fall and spring seasons and between hemispheres. The SFV is larger in Sep-
tember throughout much of the central North Atlantic and North Pacific, and larger in
March throughout the southern Hemisphere. There are bands near the equator where the
ratio is either very large or very small. Along the equator itself in all the ocean basins, the
March values are larger. In the Pacific, along about 10°N is a blue band where the Septem-
ber values are larger. Another red band spans the Pacific near 15°N. This set of bands is
likely due the seasonal migration of the intertropical convergence zone and the associated
North Equatorial Countercurrent front [32, 33]. A similar set of bands is seen in the Atlan-
tic. The Indian basin is different, with the March values larger everywhere except a small
area off the Horn of Africa. The ratio is especially large in the Arabian Sea, and south of

the equator in the eastern Indian Ocean.

Base 10 Log of Ratlo of March SFV to September SFv for a 100 km Footprlnt
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Figure 7. logo of the ratio of median SFV in March to the median SFV in September for a 100 km footprint. Color scale is at right.
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A similar picture is obtained by taking the ratio of the maximum to minimum
monthly median SFV (Figure 8). This has a similar pattern to the March/September ratio,
but is not tied to a particular month. The places where the ratio is large in Figure 7, e.g.
under the ITCZ in the Pacific, are also places where the ratio is large in Figure 8. We show
this quantity for both 100 km and 40 km footprint size to emphasize the fact that the var-
iability of SFV gets larger with decreasing footprint size. In the open ocean, the ratio takes
on values of 3-5 for 100 km footprint vs. 5-10 for 40 km footprint.

Ratio of Max to Min Subfootprint Varlablllty at a 100 km Footprlnt
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Figure 8. Ratio of maximum monthly median SFV to minimum monthly median SFV for a) 100
and b) 40 km footprint size. Note uneven logarithmic color scale at right.

The distribution of RMS RE (Figure 9) looks much like that of SFV (Figure 2), only
the magnitudes are larger. For brevity, we do not include maps of RE here. They are very
similar to those of Figure 2a and b. However, we do include them in the supplementary
materials, Tables 5S4 and S5. The distribution at 100 km (40 km) footprint, Figure 9a (b),
can be compared to the SFV, Figure 2c (d). The representation error for 100 km (40 km)
footprint has a mode at around 0.1 (0.06). The fact that the representation error is larger
than the SFV was also observed by [20] for the tropics. It likely has to do with the charac-
teristically negatively skewed distribution of SSS [34]. The magnitudes given by [20] com-
puted from tropical mooring data are similar to the ones found here.
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Figure 9. As in Figure 2c and d, but for RMS RE instead of SFV. a) and b) display the same RMS
RE values as histograms which count the number of 2°X2° boxes with the given RMS RE for the
full year. Note different y-axis limits in the two panels.

4. Discussion

We have computed SFV using a global high-resolution model, and displayed maps
of median SFV at 100 and 40 km footprint size (Figures 2a and b), the approximate sizes
for the Aquarius and SMAP satellites. We have taken advantage of the high resolution of
the version of the MITgcm that we used, which has been shown to simulate mesoscale
motions better than coarser versions [24]. The results we have found are similar in pattern
and magnitude to those of [16] as described in the introduction. Compare our Figure 2a
with their Figure 2a. Our results are also similar in magnitude to those of [17] - compare
our Figure 2 with their Figure 9a. They used thermosalinograph data, not a model, but
found large variability in the same places we did, though at a coarser resolution. We have
gone beyond those previous studies and examined the dependence of SFV on footprint
size and season. This dependence has been hinted at by [10 and [19] for two specific loca-
tions in the tropical Pacific and subtropical North Atlantic. [20] also found strong seasonal
variability in SFV (using a proxy measurement) for the global tropics, though they did not
look at variation by footprint size.

SFV varies over the course of the year almost everywhere. Most of the ocean has
largest SFV in the fall season (Figures 6 and 7). The smallest effect is in the northern hem-
isphere south of 30°N (Figure 6). This latitude range is the location of bands of alternating
fall and spring maxima in SFV shown in Figure 7, likely due to the seasonal migration of
the North Equatorial Countercurrent front in the tropical Atlantic and Pacific. These bands
extend across the equator into the southern hemisphere and are prominent at both the 40
and 100 km scales (Figure 8). Outside of these tropical bands, in the open subtropical and
subpolar ocean, SFV is more seasonally dependent at 40 km size then 100 km. It should
be noted however, that we only used one year of model output in this study, which may
make generalized statements about seasonality less reliable.

The obvious question is whether the seasonality of SFV is due to contrasting rainfall
or the ocean’s internal submesoscale variability. There have been a number of studies of

317

318
319
320

321

322

323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348



Remote Sens. 2021, 13, x FOR PEER REVIEW 13 of 16

the seasonality of submsoscale variability in the ocean as it relates to such quantities as
eddy kinetic energy and vorticity [25, 35-37]. These have generally found that there is a
maximum of variability at the submesoscale in winter and spring, different from what we
have shown here. For example, in an area of the Kuroshio extension [25] found, using the
same model we did, that the strength of submesoscale turbulence is much larger in April
than in October, almost completely opposite to our results. This suggests that the size of
the SSS SFV is tied to the strength of the surface forcing more than the ocean submesoscale,
at least at this location. A more definitive understanding of the seasonality of SFV awaits
future study.

As expected, we show that SFV increases as a function of footprint size (Figures 5
and 4c and d). [19] found the same for the SPURS-1 and SPURS-2 locations using real in
situ data. The curve we found for March for SPURS-2 (black curve in Figure 4c) matches
well with the one in [19] (their Figure 3b, dashed curve), whereas the one we found for
September (black curve in Figure 4d) has a much stronger spatial dependence than theirs
(Figure 3b in [19], thick solid curve). For SPURS-1 the comparison was similar. Compare
blue curves in our Figure 4c and d with the thick solid and dashed curves in Figure 4 in
[19]. So, for the low SFV season, our results match [19] well, but for the high SFV season
we find a much stronger dependence on footprint size and larger value of SFV.

It appears that SFV depends more strongly on footprint size in the fall season than in
the spring. Figure 4c and d show examples of this, whereas Figure 5 shows it in a more
general way comparing the top and bottom rows. One simple explanation lies in the sea-
sonality of rainfall. Rainfall varies throughout the year, and is maximum in the fall over
most of the ocean (Figure 10). Rainfall generates SSS variance through the introduction of
fresh patches at the surface [10, 18, 19, 38-40]. Larger SSS variance, means larger values of
SFV. So it is not the amount of rainfall that matters in this case, but the seasonal distribu-
tion. It only takes a few small patches within a footprint to greatly increase the SFV. As
the footprint size increases, the likelihood of the footprint incorporating patches of rain-
induced low SSS increases, leading to increased SFV.
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Figure 10. Month of maximum precipitation from IMERG data. Monthly averaged values from June 2000 to May 2019 were used.

For each year the month with the maximum average precipitation value was recorded at each point in space, and then the mean of

the those 19 values was used as the average maximum month. Color scale is at right.

Another interesting observation we have found here is that the seasonal range of SFV
is larger for small footprint size than large (Figure 8). Perhaps this observation has to do
with rainfall as well. The smaller the footprint, the more impact individual rain-induced
patches have on SFV. So rainfall may impact the SSS variance more at a small scale than a
large one.

We have not examined reasons why SFV might be elevated or depressed in particular
locations in this paper (e.g. Figure 2a), but some statements can be made. As stated above,
the distribution of SFV does not follow the distribution of total rainfall from [29] among
others. So, total rainfall may not be a strong determinant of SFV. However, [19] found
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good correlations between maximum rain rate and SFV, especially at the SPURS-1 site.
SFV may be determined by the maximum rain rate, i.e. how the rain falls, not the total
rainfall at a particular location. This was also the conclusion of [20] for the global tropics.
Of course, SFV can also be elevated by proximity to fronts like the Gulf Stream or coastal
river plumes like those in the Bay of Bengal, as can be seen in Figure 2a and b.

The main purpose of this paper is to get estimates of SFV to include in error budgets
for satellites. SFV itself is small and mostly insignificant relative to other sources of error
[4, 6, 41]. At 100 km (40 km) footprint size, typical annual median values of SFV are about
0.02-0.15 (0.02-0.07) . These are the peaks of the distributions from Figure 2c and d. There
are some much larger values, as we have discussed, especially at 100 km footprint. In some
the locations and times these values may become an important part of the error budget.
As a further iteration on this we have computed an estimate of the RMS RE, which may
be a better indicator to use for understanding the sampling issue with satellite SSS meas-
urement. Values of RE are larger than SFV, with typical values of 0.02-0.20 (0.01-0.15) at
100 km (40 km) footprint.

The nature of SFV or RE has been discussed at length elsewhere [10, 20]. What has
been less discussed is how, once these quantities are determined, they are to be incorpo-
rated into the satellite error budget. They have not been previously incorporated into sat-
ellite error estimates such as those of [12, 42]. They are in essence a negative error in that
they do not indicate measurement inaccuracy, and thus the satellites may be more accu-
rate than previously understood. Exactly how SFV and RE should be used in quantifying
SSS satellite accuracy is a subject for further study.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Tables S1-
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