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Abstract: Subfootprint variability (SFV), or representativeness error, is variability within the
footprint of a satellite that can impact validation done by comparison of in situ and remote sensing
data. This study seeks to determine the size of the SFV as a function of footprint size in two regions
that were heavily sampled with in situ data. The SPURS-1 (Salinity Processes in the Upper-ocean
Regional Studies) experiment was conducted in the subtropical North Atlantic in 2012-2013,
whereas the SPURS-2 study was in the tropical eastern North Pacific in 2016-2017. SFV was also
computed using a high-resolution regional model based on ROMS (Regional Ocean Modeling
System). We computed SFV at footprint sizes ranging from 20-100 km for both regions. SFV is
strongly seasonal, but for different reasons in the two regions. In the SPURS-1 region, the meso- and
submesoscale variability seemed to control the size of the SFV. In the SPURS-2 region, the SFV is
much larger than SPURS-1 and controlled by patchy rainfall.

Keywords: surface salinity, remote sensing, subfootprint variability, representativeness error,
spatial scale

1. Introduction

Sea surface salinity (SSS) has been measured by satellite for over 10 years from three different
platforms, ESA’s SMOS (Soil Moisture and Ocean Salinity), NASA and CONAE’s Aquarius and
NASA’s SMAP (Soil Moisture Active Passive). The value of these measurements to the scientific
community and for practical applications has become clear over this time as has the need for
continuity. SMOS has been aloft since 2009 and, though still returning good data, is long past its
expected lifetime. Aquarius stopped transmitting in 2015. SMAP, also still returning good data, is
having to rely on ancillary measurements of sea surface roughness because its onboard scatterometer
stopped functioning soon after launch. Given all of this, there has been much interest in developing
new missions to measure SSS, and thus the need to understand the parameters of a such a mission.

Currently-used SSS sensors are passive microwave radiometers, and use a relatively long
wavelength of radiation to make their measurement. The measurements are thus averages over a
large footprint, 10s to 100s of kilometers depending on the frequency of radiation and configuration
of the satellite. Subfootprint variability (SFV) is the variance within the footprint of a satellite
measurement [1-3]. Because satellite SSS measurements are areal averages over a relatively large
footprint [4], and because existing validation is carried out by comparison to in situ point
measurements from floats, moorings and so on [5-9], there is a mismatch that can introduce error into
the validation process as explained in detail by [1]. The size of this error is beginning to be estimated
and understood [1-3, 10]. However, these important previous studies have been based on the
footprint the size of Aquarius, 100 km, whereas the SMAP and SMOS missions have smaller
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footprints. The amount of SFV should depend on the size of the footprint, as well as many other
factors such as season, geographic location and the strength of mesoscale and submesoscale stirring
of the SSS field.

One of the most interesting results that has come out of the increased measurement of SSS over
the past decade is on the spatial scales of variability. While other surface variables measured by
satellite, namely sea surface temperature (SST) and sea surface height (SSH), have relatively large
scales [11-13], SSS variability occurs on a smaller scale [14]. Very high resolution numerical
modelling, with output focused on the western North Pacific and Arabian Sea [15], found that about
50% of open ocean SSS variance in these regions is on a scale of 50 km or less. That is, most ocean
variance occurs on a scale that is smaller than the footprint of Aquarius, and of similar size to that of
SMAP or SMOS.

This paper is an extension of [1], who assumed the footprint size to be a constant 100 km. In the
present work, we explore how SFV depends on footprint size, and begin to understand the dynamics
that cause SFV. The approach is to look at two heavily sampled regions, in which contrasting
dynamical processes are present, a couple of the small number places in the ocean where SFV can be
reliably determined using in situ data. We guess that SFV can be roughly related to 4 causes: (1)
rainfall-induced fresh patches (e.g. [16]); (2) internal ocean submesoscale and mesoscale variability
(e.g. [3, 17]); (3) large-scale fronts such as the North Equatorial Countercurrent (NECC) front that
moves between the equator and 10°N [17] and (4) mean gradients. These 4 causes are ordered roughly
in terms of scale from smallest to largest.

The two regions we are studying are SPURS-1 (Salinity Processes in the Upper Ocean Regional
Study — 1) and SPURS-2. SPURS-1 is a field campaign that took place in the subtropical North Atlantic
in 2012-2013 ([19] and references therein) centered on a mooring at (24.5°N,38°W). The SPURS-1 region
is evaporation-dominated with small gradients and weak currents. SPURS-2 took place in the tropical
eastern North Pacific in 2016-2017 ([20] and references therein) centered on a mooring at (10°N,125°W).
The SPURS-2 region is precipitation-dominated, with strong currents, and falls within the intertropical
convergence zone (ITCZ) for part of the year [21]. See [1] Figure 3 for the locations. We expect that SFV
will be induced mainly by cause (2) above in the SPURS-1 region and by causes (1)-(3) in the SPURS-2
region.

2. Data and Methods

This work uses the same dataset and methods as [1], and the reader is referred to section 2 of
that paper for a more detailed description than is given here.

For the SPURS-1 region we use a combination of drifter, waveglider and shipboard
thermosalinograph measurements [22] to compute estimates of SFV. In the SPURS-2 region [23], we
use waveglider measurements only — the region is too dynamic to make much use of drifter
measurements for this purpose, and the cruises were usually too distant from the location of the
central mooring to be useful. SFV is the square root of the weighted variance within a defined
footprint of size 2do. In [1], the footprint size is fixed at 100 km, whereas here it is allowed to vary
from 20 to 100 km to determine the dependence of SFV on footprint size. Specifically, the SFV is
obtained from taking the square root of

o2 = Ycwi(S; — 5)?
Y Wi

where the weight function w: for each observation is

w;=e” In(2)+(d;/dg)?

Siis the observed SSS. The sum, C, is taken over all the observations being used to compute SFV
at a given point in time - SFV was computed over 7-day blocks of time. di is the distance of each
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observation from the location of the central mooring, i.e. (24.6°N,38°W) for SPURS-1 and
(10°N,125°W) for SPURS-2. The weighted average SSS, S, is

S= e WiSi

dcw;
We display plots of median SFV, termed o=, as a function of footprint size over the approximately 1
year of available data at each site.

This paper uses the same ROMS (Regional Ocean Modeling System) [22, 24] output as was used
in [1], and the method of computing SFV is the same as for the in situ data.

Brief use is made of radar-derived rainfall collected during the SPURS-2 cruise in October-
November 2017. The data come from the Sea-viewing Polarimetric (SEA-POL) radar described by
[25, 26]. Brief use is also made of rainfall data collected at the SPURS-1 and SPURS-2 central moorings
[27, 28]

A list of digital object identifier (DOI) references to the datasets used in this paper is included in
the Acknowledgements section.

3. Results

3.1. In situ results

Time series of SFV (Figure 1) in the SPURS regions indicate that it is a seasonal quantity, tending
to be largest in summer and fall (June-December) and smallest in winter and spring (January-May).
SFV in the SPURS-2 region is larger than SPURS-1, though the difference is least in the low variance
season. In most instances, SFV is larger at the 100 km footprint size for both regions. There are isolated
time periods when this is reversed, especially in the SPURS-1 region. There tends to be a larger
distinction as a function of scale for the SPURS-1 region. That is, for SPURS-1, the ratio of 100 km SFV
to 20 km SFV is generally larger than for SPURS-2.
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03 — —_— ) — —
[ @ @ 100km o @ 100 km
[ ] @ 20km 06F @® 20km |4
_02r ] )
w 4

[ ) i > )
" s 4 ras ORI ﬁ‘,’- s
H 0.2
o P AL anp Nt D

0
SONDJFEMAMIJASON A S ONDJ FMAMUJ J A S O

SFVratlo (100km /20 km) __ . SFV ratio (100 km / 20 km)
] of

o | Al o °
. ..‘ ol o 0® |
. ‘ =, “ .......... 000 9% ... 0. Ng L.

JJFM AMUJ J A SON ob— & T '

Date (2012/2013) ASONDUJFMAMUJJASDO

() Date (2016/2017)

(b)

Figure 1. Time series of SFV in the SPURS regions. Top panels: Blue markers are SFV using a 100 km
footprint size. Red markers use a 20 km footprint. Bottom panels: Ratio of 100 km to 20 km SFV. That
is, the ratio of the blue markers in the top panels to the red markers. The horizontal dashed line
indicates where this ratio is 1. (a) SPURS-1; (b) SPURS-2. Note vertical axes are not consistent between
the top panels.

The findings from the time series are presented in simpler form using cso (Figure 2). As also seen
in Figure 1, SFV is as much as 4X larger at SPURS-2 than SPURS-1. At SPURS-1, SFV increases with
footprint size from 20 to 60 km, and then levels off at around 0.05. At the SPURS-2 site, SFV does not
increase at all from 20 to 60 km, and then increases a little bit. There is proportionally much less
dependence on footprint size at SPURS-2 than SPURS-1, in agreement with Figure 1.
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Figure 2. 50 as a function of footprint size for SPURS-1 (black) and SPURS-2 (red) in situ data.

In the SPURS-1 region there is little rainfall between March 1 and August 31 [27], and in the
SPURS-2 region between February 1 and May 31 [28]. (Henceforth we use months in an inclusive
sense. That is, “March-August” means March 1 — August 31.) Additionally, at the SPURS-2 site, the
NECC front is well south of the mooring during those “dry” months [21]. So, for both sites, one can
assume that any SFV there during these periods is due to internal variance within the ocean and not
imprinted directly by the atmosphere through precipitation. Evaporation may imprint some SFV, but
not likely much as SSS anomalies imposed by evaporation tend to dissipate quickly [29].

Separating the SFV out during the wet and dry periods (Figure 3), one can see a sharp contrast
between the regions. In the SPURS-1 region, SFV increases strongly with footprint size from 20 to 70
km during the dry season, but only out to 40 km in the wet season. SFV is about the same between
wet and dry seasons to 40 km. At larger footprint sizes, it is counterintuitively much larger during
the dry season. The dry season corresponds to spring and summer, so one has to assume that internal
variability is larger during these months than during fall and winter at 50+ km length scales. This
seems consistent with [30] who found elevated eddy kinetic energy (EKE) in the SPURS-1 region
during the months of April-September. Larger EKE presumably means stronger eddy activity at the
mesoscale, and thus larger variability of SSS at that scale as well.

At the SPURS-2 site, the situation is very different. Wet season SFV is much larger than dry
season. Dry season median SFV is comparable between the two regions at the largest (70-100 km)
scales, but smaller in the SPURS-1 region at smaller scales.

It should be noted that the dry season and the low SFV season are not the same for the SPURS-
1 region. The dry season is March — August, whereas the low SFV season is approximately January —
April (Figure 1a). On the other hand, the dry season and low SFV season do mostly overlap for the
SPURS-2 region. This suggests that there is seasonal variability inherent to the ocean at the SPURS-1
site that may be more important than rainfall in determining the size of SFV. A similar plot separating
high SFV and low SFV seasons at the SPURS-1 site is presented in Figure 4. This may be a more logical
way of separating parts of the year for SPURS-1, and shows the variation of SFV with scale, which is
consistent between low SFV and high SFV seasons. Both curves level off at around 70 km footprint
S1ze.
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Figure 3. Median SFV vs. footprint size in the SPURS regions. Solid lines with markers: wet season.
Thinner solid lines with no markers: all year, same as curves shown in Figure 2. Dashed lines with
markers: dry season. (a) SPURS-1. Dry season is March — August. (b) SPURS-2. Dry season is February
—May. Note vertical axes are not consistent between the panels.
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Figure 4. As in Figure 3a. However, the dashed line is for January — April, and the solid line with
symbols is for the rest of the year, May - December.

In the SPURS-2 region, the fact that the wet season SFV is so much larger than the dry season
may be related to either (1) increased precipitation, and thus imprinted small scale variability, (2) the
migratory presence of the NECC front during the summer and fall [18], (3) seasonally increased
mesoscale variability — or (4) some combination of these. Distinguishing these factors is not easy. One
clue is the fact that there is not much dependence of SFV on scale. If rainfall is ubiquitous during
these months, and it produces small fresh patches throughout the region (a typical example is shown
in Figure 5), and if SFV can be enhanced by even one fresh patch in a given snapshot, then that argues
for the importance of rainfall in determining SFV. In other words, if the scale of rain-induced fresh
patches is smaller than the 20 km we have been studying here and most SSS variance is due to these
patches, then we would see less scale dependence of SFV as is the case at the SPURS-2 site. It is harder
to make such an argument for the NECC front. As footprint size increases it has an increased
probability of encompassing the front, and thus should have a strong dependence on scale.
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Figure 5. 60-minute rain accumulation (mm) from the SPURS-2 cruise on 11-November-2017 at 2300Z.
No color means less than 5 mm. The data are from the SEA-POL radar used during the cruise [25, 26].
This is a typical configuration of rainfall in the region at this time of year. A bar showing 10 km
distance is also included. The location of this area is shown in [1], Figure 3b.

We can test whether SFV depends on precipitation by plotting SFV against 7-day maximum rain
rate (Figure 6). The scatter plots show a clear relationship between rain rate and SFV even though the
precipitation data used to make these plots are from the SPURS central moorings, and thus may not
be representative of the entire footprint. So, in both regions there is evidence that rainfall plays at
least some role in generating SFV at a range of spatial scales. The larger the scale, the greater the
correlation between SFV and rainfall. Interestingly, the correlations are higher for the SPURS-1
region, where rainfall is much smaller, than for the SPURS-2 region. The results of Figure 3a and
Figure 6a seem contradictory at first glance, but one must remember that the points in Figure 6a only
represent the wet season.
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Figure 6. SPURS SFV vs. maximum rain rate measured at the central mooring when this value exceeds
2 mm/hr. Maximum rain rate was determined over the same weekly time intervals as the SFV.
Correlation values are shown at the top left of each panel. All are significant at the 95% level, except
for SPURS-1 at 20 km which is significant at the 90% level. Left panels: 20 km footprint size. Right
panels: 100 km footprint size. (a) SPURS-1. (b) SPURS-2. Note vertical axes are not consistent between
the panels.
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To understand the spatial variability better, semivariograms were plotted (Figure 7) using the in

situ data from each site from the simple estimator [31]

() =

2N

1

SPAQOREEN
N®w)

Where S(xi) is the salinity at point xi and N(v) is the number of pairs of salinity values where the
distance between them is v.
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Figure 7. Semivariograms as a function of distance computed from in situ data. (a) SPURS-1. Red
symbols, January — April. Black symbols: Entire year. Blue symbols: May - December. (b) SPURS-2.
Red symbols, February — May. Black symbols: Entire year. Blue symbols: June - January. Note vertical
axes are not consistent between the panels.

The semivariogram shows the scales of variability. This function is closely related to the spatial
covariance as explained by [31]. It is the mean squared difference between values as a function of
spatial separation. The semivariogram value at zero separation, the “nugget” in the parlance of [31],
normally describes a kind of instrumental error. In this case, as these values were computed using 7-
day snapshots, the nugget is the variance over a 7-day period.

The semivariograms for SPURS-1 are much as one would expect, with small values at small
separation, increasing to a plateau (the “sill”) at 50 km or so (the “range”). The semivariogram during
the low SFV period is much smaller, but it contains the same dependence on separation distance.

The semivariogram at SPURS-2 is very different. It appears to increase from 0 to 20 km during
the wet season, reaches a plateau, and then becomes very noisy at a distance beyond that. Thus, a
rough estimate of the decorrelation scale is that 20 km. During the dry season (red symbols), though,
it appears that there is almost no dependence of the semivariogram on scale, because of the way the
axes are presented in Figure 7, it does actually increase. Despite this, there is no obvious sill or range
during the dry season.

3.2. ROMS Results

Time series of SFV computed from the ROMS (Figure 8) contrast the two regions, and show the
difference between model and the in situ results presented in the previous section. It should be noted
here that the model encompasses a somewhat different time period than the in situ data collection.
For SPURS-1, the model covers January 1, 2012 — December 31, 2012, whereas the field campaign
lasted from September 2012 to September 2013, thus overlapping by 4 months. For SPURS-2, the
model covers February 1, 2017 — January 31, 2018, whereas the field campaign went from August
2016 to November 2017, giving ~9 months of overlap.
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The SPURS-1 model output has similar seasonality as the in situ results (Figures 1 and 4).
Minimum values of SFV are in February-June. The sizes match more or less the ones presented in
Figure 2 for 20 km footprint size, but ROMS shows a larger value of SFV for 100 km footprint size
than in situ, ~0.08 vs. 0.05. At almost no time does the 20 km SFV exceed the 100 km as shown in
Figure 1a. The 100 km time series is smoother than the 20 km one. Thus, the separation of SFV by
scale seen in the in situ data (Figure 4) is also evident in the ROMS results, but to a greater degree.
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Figure 8. ROMS-evaluated SFV for SPURS-1 (upper) and SPURS-2 (lower). Red (blue) curves are for
100 km (20 km) footprint size.

For SPURS-2, the results are different. Values of SFV at 20 km fluctuate, but on short time scales
and little seasonality is evident. The 20 km SFV is much smaller (~0.03) than the median in situ value
of Figure 2 (~0.12). At 100 km, the SFV from ROMS (~0.1) is still smaller than the in situ value (~0.13),
but not by as much. Not much seasonality is evident at 100 km either, though SFV is slightly elevated
in July-September. There is some change in the time scales of variability of SFV. The time series of
100 km SFV fluctuates much more rapidly after the beginning of July than before. There is a clear
separation of scale for the SPURS-2 region as there was for SPURS-1.

These results are summarized in Figure 9. Strikingly, the two curves of Figure 9 from the
different SPURS regions are very similar in contrast to Figure 2. Both show a stronger increase of SFV
as a function of spatial scale than is seen in Figure 2. SFV at 100 km is somewhat less for SPURS-1
than SPURS-2, but they are nearly the same at smaller scales. The SPURS-2 region has a smaller
separation as a function of season than SPURS-1 (Figure 9).
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Figure 9. As in Figure 2, but for ROMS output.

One of the main differences between the model and the real ocean is the forcing. The ocean is
forced with rainfall that occurs in small, patchy bursts, especially in the SPURS-2 region (Figure 5;
[25, 26, 32, 33]). These bursts create rain puddles on kilometer scales [16]. ROMS is forced with 18 km
NCEP (National Centers for Environmental Prediction) GFS (Global Forecast System) winds and
precipitation [24], and thus lacks the small-scale variability in freshwater forcing which could lead to
large values of SFV. Perhaps this is what causes the relatively small SFV and lack of seasonality in
the SPURS-2 results especially at short spatial scales. SFV in ROMS may be mainly a measure of ocean
variability, not variability imposed externally by patchy rainfall. Thus, the black curve in Figure 8 for
SPURS-1 is similar to the (dashed) one for the dry season in Figure 3a. There is no such similarity for
SPURS-2. The relatively smaller amount of seasonality in ROMS than in the in situ data supports the
role of small rain patches in generating SFV.
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Figure 10. a) As in Figure 4, but with SFV computed from the ROMS simulation. b) As in Figure 3b,
but with SFV computed from the ROMS simulation. Light black curves are the same as those
displayed in Figure 8.

4. Discussion

We have explored SFV in two different regions and found that it varies by scale differently in
each place. We have used two tools to make these conclusions. The first is an in situ dataset of drifters,
shipboard measurements and wavegliders for SPURS-1 and wavegliders only for SPURS-2 [1]. The
second is high-resolution regional simulations. Neither of these tools is perfect. The in situ data are
not comprehensive in areal and temporal coverage and contain a mixture of skin surface and bulk
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mixed layer observations. This may be a bigger issue in the SPURS-2 region because rain events
produce thin low salinity layers there [16, 34, 35]. The model lacks completely realistic forcing. It may
be missing mixed-layer dynamics that are important in determining or hindering the ability of fresh
patches to be incorporated into the bulk mixed layer and in turn affect the statistics of horizontal
variability, again especially in the SPURS-2 region [36].

Comparison of the two regions is illuminating though. In general, the SPURS-2 region has much
higher SFV than SPURS-1 (Figure 2), as determined from in situ data. (Model results are different —
Figures 9 and 10.) Another result is that SFV in the SPURS-1 region has a stronger scale dependence
than that of SPURS-2, especially in the high SFV season (compare top curves in Figures 3b and 4).
The SPURS-1 SFV has clear plateaus at 60+ km in all seasons (Figures 4 and 7), whereas the scale
dependence in SPURS-2 increases continuously as a function of footprint size (Figures 3b and 7).

The scales of variability are straightforward to compute and interpret for SPURS-1. For SPURS-
2, doing this requires a more detailed analysis than has been attempted here. Possibly, SSS variability
isnot isotropic in low latitudes and has different scales in the zonal and meridional directions, though
this is not the conclusion of [37]. Research is ongoing into this.

In terms of design of future satellite missions, one can use Figures 2, 3b and 4 to get an idea of
how much SFV to expect for a given footprint. The size of a footprint is determined by the frequency
of radiation being measured, the diameter of the antenna, the height of the satellite above the Earth,
etc., parameters which can be determined in the design phase of a satellite. The numbers displayed
in Figures 2, 3b and 4 can be factored into error budgets for future missions, remembering that error
associated with SFV is just a mismatch of scales between in situ validation measurements and
footprint average values [1]. More importantly, the results presented here give a sense of how much
variability is being captured by a given footprint. If one wanted to capture scales of variability smaller
than the mesoscale, that would mean a smaller than ~50-100 km footprint in mid-latitude and larger
in the tropics [38]. Microwave SSS sensors are more sensitive in the tropics because of the warmer
temperatures [4]. If the large SFV of 0.12-0.16 in the wet season is factored in, the accuracy of the
retrievals may be better than previously thought there.

This study highlights the complexity of SFV, with its spatial and temporal dependence. No area
of the ocean is the same. The two regions we have studied may be thought of as open ocean extremes.
The SPURS-1 region is extreme for high evaporation, high SSS and low precipitation. The SPURS-2
region has heavy and patchy rainfall (Figure 5), strong and seasonally-varying currents and
associated frontal features [21]. Ideally, one would wish to quantify SFV over the entire and less
extreme open ocean in order to better characterize the error structure of satellite-derived SSS. This
would involve many more SPURS-like experiments. Unfortunately, this is not practically possible
and so we are left with guessing at its magnitude. Another possibility would be to use high-resolution
models to make estimates of SFV over the ocean. One of the main purposes of the present work is to
examine the potential for this. Research is ongoing [15], but the results of this present study suggest
caution. The model used here, though it is state-of-the-art, does not appear to get the distinction
between the regions correct — compare Figures 2 and 9. It also does not present the same level of
seasonality in SFV as we see in the in situ data — compare Figures 3b, 4 and 10.

5. Conclusions

From in situ data, it appears that at the SPURS-1 site, SFV is mainly generated by internal ocean
variability since its seasonality is unrelated to that of precipitation in the region. SFV at SPURS-1 is
highly seasonal, being largest in May-December and may be related to seasonality of the energy of
the mesoscale eddy field. Assuming SFV is produced by the eddy field, it is scaled to the typical size
of mesoscale variations, about 50-70 km.

At the SPURS-2 site, SFV is likely mostly produced by rainfall, whose scales are less than 20 km
(Figure 5). It is also highly seasonal, with maximum values during the rainy (wet) season, June-
January. At the scales examined, SFV showed little dependence on scale. The semivariograms
examined in Figure 6 suggest that much of that dependence is contained within the shortest (<20 km)
scales.
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SFV is many times larger at the SPURS-2 site than at SPURS-1 (Figures 2, 3b and 4) at all footprint
sizes. This highlights the fact that SFV is highly spatially dependent, and any study of the error
associated with SFV needs to take that into account. There are very few areas in the open ocean that
have been sampled as intensively for SSS as the SPURS regions. In order to get a full understanding
of SFV error we must develop proxies which can stand in for the heavy sampling of the SPURS
regions. We have attempted to do that here by examining two ROMS simulations. The one in the
SPURS-1 region does a reasonable job of depicting the size and spatial dependence of SFV. In the
SPURS-2 region, the simulation is less realistic, likely due to the lack of small-scale rainfall.
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