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Abstract: Satellite validation is the process of comparing satellite measurements with in-situ mea-
surements to ensure their accuracy. Satellite and in-situ sea surface salinity (SSS) measurements are
different due to instrumental errors (IE), retrieval errors (RE), and representation differences (RD). In
real-world data, IE, RE, and RD are inseparable, but validations seek to quantify only instrumental
and retrieval error. Our goal is to determine which of four methods comparing in-situ and satellite
measurements minimizes RD most effectively, which includes differences due to mismatches in the
location and timing of the measurement, as well as representation error caused by the averaging of
satellite measurements over a footprint. IE and RE were obviated by using simulated Argo float, and
L2 NASA/SAC-D Aquarius, NASA-SMAP, and ESA-SMOS data generated from the high-resolution
ECCO (Estimating the Climate and Circulation of the Oceans) model SSS data. The methods tested
include the all-salinity difference averaging method (ASD), the N closest method (NCLO), which
is an averaging method that is optimized for different satellites and regions of the ocean, and two
single salinity difference methods—closest in space (SSDS) and closest in time (SSDT). The root
mean square differences (RMSD) between the simulated in-situ and satellite measurements in seven
regions of the ocean are used as a measure of the effectiveness of each method. The optimization of
NCLO is examined to determine how the optimum matchup strategy changes depending on satellite
track and region. We find that the NCLO method marginally produces the lowest RMSD in all
regions but invoking a regionally optimized method is far more computationally expensive than the
other methods. We find that averaging methods smooth IE, thus perhaps misleadingly lowering the
detected instrumental error in the L2 product by as much as 0.15 PSU. It is apparent from our results
that the dynamics of a particular region have more of an effect on matchup success than the method
used. We recommend the SSDT validation strategy because it is more computationally efficient than
NCLO, considers the proximity of in-situ and satellite measurements in both time and space, does
not smooth instrumental errors with averaging, and generally produces RMSD values only slightly
higher than the optimized NCLO method.

Keywords: surface salinity; satellite validation; ocean modeling; matchups; instrumental error;

representation error; representation differences

1. Introduction

Validation of satellite data has been defined as “the process of assessing, by indepen-
dent means, the quality of the data products derived from the system outputs” [1]. Satellite
data undergoes validation for calibration purposes as well as to assess the instrumental and
retrieval errors of the satellite products [2]. In the case of satellite sea surface salinity (SSS)
observations, validation is normally completed by comparison with independent in situ
observations such as Argo floats or moorings. There are many examples of such studies
where these comparisons are completed at level 2 (L2) [3-8] or L3 (many of the above plus
refs. [9-21]). Carrying out validation for satellite SSS requires choosing which independent
observations to compare satellites to and determining how to perform that comparison.
This is the matchup problem described by [22].
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With SSS satellite data, the density of satellite observations at L2 is much higher than
that of in situ observations. Ref. [23] give numbers of NASA /SAC-D Aquarius or NASA
SMAP (Soil Moisture Active Passive) satellite observations per Argo float as a function of
space or time window with numbers in the 100’s or 1000’s for reasonably sized windows.
Following one year of study, there were ~27 million L2 Aquarius satellite observations
vs. ~100,000 Argo floats, for an overall average of 270 satellite observations per float. The
number is much higher for SMAP and ESA SMOS (Soil Moisture and Ocean Salinity).
However, the issue is not just how large a time or space window to use but how to treat
the satellite observations within that window. Should they be simply averaged together?
Should they use a weighted average as ref [22] tried? Use the closest satellite observation
in distance or time to the float observation? And how does one determine the optimal
method of doing the matchups? Is it the one with the lowest RMS difference? Perhaps
computational efficiency is important, as is minimizing differences in certain regions or
ocean regimes.

Ref. [23] discusses some of these issues and gives recommendations as to time and
space windows. They ultimately settle on an “all salinity difference” (ASD) matchup
method, which takes all valid satellite observations within a set time and space window of a
float observation (+-3.5 days and 50 km) and averages them together to form a comparison
value. Ref. [23] uses the same ASD method but varies the space-time window to find
optimal values and, as just stated, additionally attempts a weighted average instead of a
simple one. In this paper, we will compare the results of some different matchup methods
for limited regions of the ocean. This is completed using a high-resolution ocean model.
The purpose behind using the model is that the computation removes any difference
between in situ and satellite due to retrieval uncertainty, instrumental error, or vertical
representation differences, so that the remaining source of differences in salinity values
is due to representation errors resulting from satellite footprint averaging and horizontal
representation differences, e.g., sub-footprint variability, or time aliasing [24]. We use
these limited regions so we can study them in the appropriate level of detail given limited
computational resources and to better understand how each matchup method is affected
by differing ocean dynamics and SSS variability.

2. Data and Methods
2.1. The Global Model

The model we use is the Estimating the Climate and Circulation of the Oceans (ECCO)
LLC4320 version. The model is described in detail by refs. [25,26]. It was originally run to
support the SWOT (Surface Water and Ocean Topography) satellite mission as a testbed
for pre-launch studies [26]. We give a brief description about the model here and refer
readers to these sources for more information. This model output has been used in several
applications for studying upper ocean variability [27], matchups [23], and satellite sub-
footprint variability [24]. The model is run on a “latitude-longitude polar cap” (LLC) grid
that is 1/48° in resolution from 70°S to 57°N. The vertical resolution of the model is one
meter from the surface to 30 m depth. It is forced by 6-hourly winds and surface heat
and freshwater fluxes from the ECMWF (European Centre for Medium-Range Weather
Forecasting) operational atmospheric analysis. We use one year of available model output
(1 November 2011-31 October 2012) and evaluate only the SSS field, which is taken at the
topmost level of the model, which is the upper meter of the ocean.

2.2. Simulated SSS Data
2.2.1. Simulated Satellite Data

As part of a project to study representation differences in satellite SSS data, we sampled
the model as if the Aquarius, SMOS, and SMAP satellites were flying over it. This involved
generating simulated L2 measurements by averaging the hourly model salinity output over
a satellite footprint [23]. This averaging is completed using a gaussian weighted average of
the salinity measurements surrounding the point of observation. The gaussian weighting
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is dependent on footprint size, as described by ref. [24]. The result is a year-long simulated
L2 dataset for each satellite.

One complication of our method is that the available model data covers the 2011-2012
period given above, but the SMAP satellite has not yet been launched. It launched in 2015.
To get around this, we took the track of the SMAP satellite during the period 1 November
2016-31 October 2017, subtracted 5 years, and “flew” the satellite over the model. Thus,
the simulated SMAP dataset is created by pretending the satellite was operational during
the 2011-2012 period and using the dates and locations of the satellite samples in the later
period. It should be noted here that the LLC4320 model is free running and assimilates only
atmospheric and no ocean data. Our goal in this study is to study how satellites sample the
ocean, not any particular ocean state.

The simulated data used in most parts of this study is free of instrumental noise and
retrieval error, unlike real-world satellite data. These errors exist in real-world satellite
data [22], and part of the goal of performing a validation is to quantify them. Therefore,
we are interested in understanding how different validation strategies mask or reveal
instrumental errors. To explore this, we created a second simulated Aquarius data set with
added gaussian noise (mean = 0, standard deviation = 0.2) and compared the results of
each matchup strategy to those generated using the Aquarius data set without noise.

2.2.2. Simulated Argo Float Data

In addition to the simulated satellite data, we generated a simulated Argo float dataset
with the model sampled at the time and location of each real float surfacing over the
2011-2012 time period. The resulting dataset contained about 100,000 points [24]. It should
be noted that while Argo floats normally stop making measurements at five meters depth
on their ascent [28], the simulated Argo data assumes that it is measuring surface salinity.
Near-surface vertical stratification is not considered by this study but could also be an
important part of overall representation differences. However, it is not clear that the ECCO
LLC4320 model correctly portrays the details of the near-surface stratification.

2.3. Matchup Criteria

The four matchup strategies explored in this study were Single Salinity Difference
Closest in Time (SSDT), Single Salinity Difference Closest in Space (SSDS), All Salinity
Difference (ASD), and N Closest in Time and Space (NCLO). Each method was tested in
seven different regions, the latitude and longitude ranges of which are given in Table 1 and
Figure 1. These (~20° x 20°) regions were chosen with the goal of sampling a variety of
ocean regimes as well as areas of the ECCO model with high horizontal salinity stratification
(such as the BOB and ETP regions).

Table 1. Latitude and longitude ranges of the seven regions tested.

Region Name Region Latitudes Region Longitudes
Pacific (PAC) 30°5-50°S 128°W-108°W
South Atlantic (SATL) 30°S-50°S 15°W-35°W
Agulhas (AG) 35°5-55°S 8°E-28°E
North Atlantic (NATL) 10°N-30°N 23°W-50°W
MAD (Madagascar) 45°S-27°S 33°E-52°E
Bay of Bengal (BOB) 5°N-25°N 75°E-100°E
Eastern Tropical Pacific (ETP) 10°5-10°N 100°W-80°W

In each region, every Argo measurement within the simulated data set was matched
with an L2 satellite measurement or the average of several satellite measurements according
to the method being tested. Within each region, the differences in SSS between each Argo
and satellite measurement (or average satellite measurement) were found, as were their
root mean square, bias, and standard deviation. The effectiveness of each method was
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measured primarily by the root mean square of the differences (RMSD) between the in-situ
and satellite SSS observations.

Outline of Regions Tested with Matchup Schemes
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Figure 1. Outlines of the regions being tested.

Figure 2 gives an example of the satellite observations picked for comparison with a
random Argo measurement by each method, and the methods themselves are described in
Sections 2.3.1-2.3.4.
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Figure 2. Aquarius satellite observations picked by each method for comparison with a typical Argo
measurement (%) in the PAC region (See Figure 1 and Table 1). The square (H) symbol shows the
average location of the points used in the ASD method. The triangle (A) symbol shows the average
location of the points used in the NCLO method, which has been optimized for this region. The
diamond (4) symbol shows the closest observation in space to the Argo measurement, which is used
for the SSDS method. The circle (o) symbol shows the observation that is the closest in space to the
Argo measurement out of the group of observations that are closest in time, which is used for the
SSDT method. The symbol color shows how many days before or after the Argo measurement the
Aquarius observations or average of several Aquarius observations occurred, with color scale at right.

Each method below only considers the satellite observations made within 50 km and
£3.5 days of the Argo measurement. This window is recommended in ref. [22].
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2.3.1. Single Salinity Difference Closest in Time Method (SSDT)

For each Argo measurement, all the satellite observations within £3.5 days and 50 km
were found. Of those, the satellite track that was closest in time to the Argo measurement
was found. The single observation along this track that was closest in space to the Argo
measurement was selected for comparison. This yields a single closest-in-time matchup.

2.3.2. Single Salinity Difference Closest in Space Method (S5DS)

For each Argo measurement, all the satellite observations within +3.5 days and 50 km
were found. Of those, the single observation made that was closest in space to the Argo
measurement was selected. In the rare case that the two closest satellite measurements are
exactly equidistant, the closer in time of the two is taken. This yields a single closest-in-
space matchup.

2.3.3. All Salinity Difference Method (ASD)

For each Argo measurement, all the satellite observations within £3.5 days and 50 km
were found. All these observations were averaged together to make one combined satellite
measurement for comparison. This is the same method that is recommended by [22] and
used by [23]—though they used variably-sized space and time windows.

2.3.4. N-Closest Optimized Averaging Method (NCLO)

Depending on the dynamics of the region being studied, closeness in time may be more
important than closeness in space, or vice versa. For the N-closest method, we developed
a criterion for making tradeoffs in time and space in different regions. For each Argo
measurement, all the satellite observations within £3.5 days and 50 km were found. From
these observations, the SSS values of a certain number of them (N) were averaged together
to create an average value for comparison. These satellite observations were selected based
on the following method, which assigns a “score” to each observation and then chooses the
N points with the lowest score for averaging.

First, the distances in time and space between each eligible satellite observation (within
50 km and £3.5 days of the Argo float) and the Argo measurement were calculated and
independently normalized from 0 to 1, according to:

X; — min(X)
max(X) — min(X)

Normalized X; = €))
where X; is either T, the distance in time, or D;, the distance in space of the satellite
observation being scored (i) from the Argo measurement, and min(X)/max(X) is the mini-
mum/maximum difference in time or space among the satellite observations being scored.
The purpose of this is to represent the distance in time and space between the Argo mea-
surement and each satellite observation as a number between 0 and 1.

To place importance on closeness in time over space or vice versa, the normalized
time and space differences of each satellite observation were multiplied by a ‘time_weight’
and ‘space_weight” coefficient, respectively. The weighted and normalized values for time
and space were added together to create an overall score for each satellite observation,
according to Equation (3) below.

time weight + space weight = 1. (2)

score(i) = T;j(time weight) + D;(space weight) ®)

Since time_weight and space_weight are dependent on each other in Equation (2), they
can be thought of as a percent importance placed on closeness in time or space. For example,
if space_weight is given a value of 0.6, there is a 60% importance placed on closest in space
and a 40% importance placed on closest in time when picking satellite observations to be
averaged and compared with the Argo measurement. The lower the score, the closer the
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observation is in time and space according to the importance placed on time and space
by the weight coefficients. When the value of time_weight is greater than 0.5, observations
with lower scores will be those that are close in time to the Argo measurement, and less
so those that are close in space. When the value of space_weight is greater than 0.5, the
opposite is true, as more than 50% importance has been placed on closeness in space.
The N observations with the lowest score were averaged together to make one average
satellite measurement for comparison. Figure 3 gives an example of how different satellite
observations are averaged depending on what values of N and space_weight are used.

N = 11, space weight = 0.90, time weight = 0.10

N = 11, space weight = 0.10, time weight = 0.90 N = 11, space weight = 0.70, time weight = 0.30
. : - Aquarius Observations g
4 Argo Measurement -
o = Points Averaged P
: » Average Coordinate .
42‘ s . 42 S .' 2's .
| | .
[ . n
.- L * A -.
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43's S s . .
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Figure 3. Aquarius measurements selected for averaging by the N closest method (M) for a random
Argo float in the PAC region when different values of N and space_weight are used. The coordinate of
the average satellite observation (%) is also shown along with the location of the Argo float (A). The
difference between the averaged SSS of these chosen observations and the SSS measured by the Argo
float is found for all of the Argo floats in the given region and the RMS of these differences is used as
a measure of the effectiveness of any given set of N and space_weight parameters.

To tailor the NCLO method to each of the regions studied, these parameters were
optimized by region. The optimal values of time_weight, space_weight, and N were found
by first calculating the RMS of differences produced by every fifth N value from 1 to 100
and every 0.1 space_weight value from 0 to 1. The space_weight and N values that gave the
lowest RMSD was found and then further optimized by calculating the RMS of differences
produced by every N value from Noptimal — 1 t0 Noptimal + 1 and every 0.01 space_weight
value from space_weight ,ptimal — 0.1 to space_weightptimar + 0.1

3. Results
3.1. Optimization of NCLO Parameters

The purpose of optimizing the N and space_weight parameters used in the N closest
method for each region is to show how the most effective set of key parameters varies based
on where in the ocean the validation is being performed. Figure 4 shows contour plots
of RMSD calculated using different N and space_weight values for each region using the
Agquarius data set. When using this method to validate Aquarius observations, the optimum
N values tend to be low (between one and four in all regions except ETP), and the plots
show that closeness in space is more important than closeness in time (i.e., space_weights are
higher than time_weights), especially in the midlatitude regions. In the equatorial regions
(BOB and ETP), the optimum space_weights were lower than those of the other satellites.
The optimization of N and space_weight also had more of an effect on the RMSD in these
equatorial regions, which is shown by the higher variety of colors in the contour plots.
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Figure 4. Contour plots of the RMSD generated by the Aquarius data set in each region using a range
of N and space_weight values, shown on the X and Y axis. The N and space_weight combination that
yielded the lowest RMS Difference is considered to be optimal for the region and is marked by a red
star (%). Only the four N values and 20 space_weight values that encompass the area with the lowest
RMS Differences are shown for each region. The color scale is different for each plot, as RMSD was
primarily influenced by location, but each color scale only includes a range of RMSD values 0.005
units long, so the variety of colors present reveals the level of importance of the optimization in each
region. For the sake of brevity, contour plots for only Aquarius data are shown here. Similar plots for
SMOS and SMAP data can be found in the Supplementary Information (Figures S1 and S2). (a) PAC,
(b) SATL, (c) AG, (d) NATL, (e) MAD, (f) BOB, and (g) ETP regions.
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The optimum parameters determined by these calculations for all three satellites are
shown in Figure 5. The optimum parameters are influenced by the satellite used and the
region being studied in a way that is not completely clear. Optimizations completed using
the SMAP satellite tend to have lower space_weight values, while optimizations completed
using the Aquarius satellite tend to have higher space_weight values and lower N values. It
is possible that satellite measurement spatial density is responsible for this difference. If
observations are less dense, a higher space_weight is required to get a good spatial match
because there are fewer satellite observations around that are close in both space and time.
The effect of region on the N-closest parameters is less clear. Low space_weight values
given for the ETP region by all three satellites may show the effects of short-term temporal
variability in the tropics, but the optimum space_weight is not consistently low for the other
equatorial region (BOB).

Optimum Values of N and Space Weight
Computed for Each Region with Each Satellite

o

SATL
= AG
' * ® NATL
= MAD
o8 s  BOB
* ETP
@ o7- - Aguarius
=] *  SMOS
(] [ ] A SMAP
= 06
-
5
D 05 A A
= A
@ oar
o A
@
o
w03
0.2
0.1
u L 1 1 1 1 L 1 L 1
1 2 3 B 5 6 7 8 9 10

N Value

Figure 5. A summary of the optimum N and space_weight values determined for each region when
optimized for the Aquarius, SMOS, and SMAP satellites. As noted in the legend, the different
satellites are denoted by the star, circle and triangle symbols, and the different regions are denoted by
different colors. This data can be found tabulated in the Supplementary Information (Table S1).

3.2. Relative Effectiveness of Each Matchup Strategy

Statistics describing the differences produced by each of the four methods are shown
in Figure 6. These charts show that the region and satellite being tested have much more
influence over the RMSD and bias than the method used to do the matchup. The NCLO
method always produced the lowest RMS difference in each region. This was expected
because the SSDS, SSDT, and ASD are all encompassed within it. For example, N = 1 and
space_weight = 1 would yield the exact same RMSD as the SSDS method because it would
only choose one point that is the closest in space to each Argo point for comparison. In
most cases, the NCLO method produced an RMSD that was only marginally smaller than
the RMSD produced by the SSDT method, which was the second most successful. The bias
values produced were small, but all positive or all negative for every method in each region
except NATL for SMOS and SMAP. A positive/negative bias means that the satellite SSS
values were generally larger /smaller than the Argo SSS values.
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RMS Differences Calulated for Each Method

Bias of Argo SSS - Satellite SSS Calulated for Each Method
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Figure 6. Statistics describing the differences produced by each of the four matchup methods tested
in every region using Aquarius, SMAP, and SMOS simulated data. Different colored bars are for
different methods and groupings of bars are for different regions as indicated in the legend of each
panel. (a) RMSD. (b) Bias. (difference = Argo SSS — Satellite SSS). A similar figure showing the
standard deviation of errors can be found in the Supplementary Information (Figure S3).

Figure 7 shows histograms of the differences produced by each method for each region.
No one method produced differences that were noticeably lower than the other methods
based on these histograms, including the NCLO method.

Histograms of Differences Produced by Each Method in Each Region
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Figure 7. Histograms of the differences produced using each of the four matchup methods on the
simulated Aquarius satellite data. In the NATL and MAD regions, the errors produced for the SSDS
and NCLO methods are the same because the optimum space_weight in these regions is high (between
0.9 and 1) and the optimum N value is 1. This is an example of a single salinity difference method
being optimum for the region.

3.3. Impact of Simulated Instrumental Errors

Figure 8 shows the relationship between the RMSDs determined using the simulated
Aquarius data with and without noise added. In all regions, the SSDS and SSDT methods
produced higher RMSD values when noise was present, while the ASD and NCLO methods
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were relatively unaffected by the addition of noise. This is because the instrumental errors
are smoothed out by averaging in the ASD and NCLO methods but not in the SSDS and
SSDT methods.

os. Aquarius Matchup RMSDs With and Without Added Noise
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Figure 8. RMSD values produced using each method with the simulated Aquarius dataset and the
simulated Aquarius data set with Gaussian noise (Standard Deviation = 0.2, Mean = 0) added.

The effect of averaging on instrumental errors is also apparent from the NCLO op-
timization for the noisy data set, which is examined in Figure 9. The optimum N values
found for the data set with noise are much higher because more averaging is needed to
smooth out the random noise [22]. The effect of noise on space_weight is less clear.

Optimum Values of N and Space Weight
Cor;nputed with Simulated Aquarius Data with and without Gaussian Noise
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Figure 9. Optimum N and space_weight values found for the simulated Aquarius data set with and
without added Gaussian Noise (standard deviation = 0.2, mean = 0).

3.4. The Effect of Matchup Method on the Spatial and Temporal Distance of the Satellite
Observations Picked for Comparison

To show the effect of each matchup strategy on the actual distance in space and time of
the satellite observations that are compared with the in-situ Argo measurements, Figure 10
gives the average space and time windows encompassed by each method throughout all
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regions when the Aquarius satellite is used. The average space windows encompassed
by the SSDS (17 km) are about 29% lower than the windows encompassed by the SSDT
(24 km). The average time windows encompassed by SSDT (1.1 days) are about 33% lower
than the average space windows encompassed by SSDS (1.6 days). The average space
and time window covered by the ASD method is much larger than that of the other three
methods (46 km and 2.1 days). This shows that the 50 km and +3.5-day window that
was used in refs. [22,23] is ideal for minimizing instrumental errors and representation
differences but may be too large for minimizing only representation differences.

Average Space Ranges of Each Method in All Regions AversgeiThns Rangesiof Each Method InAll Regione

100 25D ¢ ASD

. SSDS st SSDS
SSDT ¢ SSDT

® NCLO + NCLO

70 ar

60

& 46 km 3r 2.1 days

1.6 days
40 4

1.58 days
30

20

(a) (b)

Figure 10. The mean (over all regions) space (a) and time (b) windows encompassed by each of
the four matchup methods using the Aquarius satellite. As indicated by the legend, ASD windows
are shown in blue, SSDS in yellow, SSDT in orange, and NCLO in purple. The size of the circles
indicates the size of the average window covered. The thickness of the lines is proportional to the
standard deviation between the mean space (by a factor of 2) and time (by a factor of 16) ranges
calculated for the seven individual regions. Similar figures showing the time and space windows
when these methods are applied to SMAP and SMOS are given in the Supplementary Information
(Figures S4 and S5).

The regional average space windows covered by the NCLO method (mean of 21 km)
have about three times the standard deviation of the regional average space windows of
the other methods. This variability is likely caused by the optimization of parameters for
each region. The time windows covered by the NCLO method are much less variable
from region to region. This is because all the observations have unique locations but can
be very close together in time (see Figure 2), so a change in NCLO parameters will not
always change the range of time differences considered but rather increase or decrease
the number of points from a satellite track that is closer in space but more distant in time.
The effect of the NCLO optimization on the time and space windows covered is explored
further in Figure 11, which shows how changing the space_weight parameter influences
the actual space and time range covered by the NCLO method in the PAC region with the
Aquarius satellite.

Based on this figure, it appears that as space_weight is decreased, the space range
covered in the averaging increases slowly at first and then more rapidly. Meanwhile, the
time range covered increases quickly at first and then more slowly. This is also likely because
satellite observations have unique locations but are nearly simultaneous, as described in
the previous paragraph. A small increase in space_weight is often enough to shift most of
the averaged points to the closer satellite track that may be further in time, but once the
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Space Range Covered With Different space weight Values

focus is shifted, space range only increases slightly by choosing more points along that
track as the space_weight is increased further.

Time Range Covered With Different space weight Values

PAC Region, N = 11 PAC Region, N = 11

space weight =0.8 space we?ght =0.8

space weight = 0.6 space weight = 0.6

space weight = 0.4 space weight = 0.4

* space weight =0.2 e space weight = 0.2
16 km

0.5 days
27 km 2.5 days
1.3 days
ghlm 0.8 days
20 km
(a) (b)

Figure 11. The mean space (a) and time (b) windows encompassed by the NCLO method in the PAC
region using the Aquarius satellite and four different values of space_weight (0.90, 0.60, 0.40, 0.20) and
an N value of 11. The size of the circle is dependent on the average distance between each Argo float
in the PAC region and the furthest Aquarius observation in time or space that was included in its
NCLO averaging. The thickness of the circle lines is indicative of the standard deviation.

4. Discussion
4.1. The Effect of Region and Satellite Track on Ideal Matchup Strategy

Since the use of the LLC4320 model eliminates instrumental errors and ignores vertical
stratification, the matchup differences being studied here are due to space and time aliasing.
Since Argo and satellite observations are rarely if ever taken at the same time and place, the
representation differences we are studying encompass both errors caused by the footprint
averaging of satellites and differences caused by horizontal stratification and short-term
temporal variability of salinity. One limitation of using RMSD as a statistical metric for
the effectiveness of a matchup is that there is no distinction between differences caused
by these two potential sources. To study the effect of footprint averaging alone, another
data set with in-situ and satellite measurements taken at the exact same time and place
would be necessary. The impact of these factors is highly variable based on regional ocean
dynamics and the locations of satellite observations relative to Argo floats. Therefore, we
chose to repeat this experiment in several different regions. The RMS differences given by
Figure 6a and the errors given by Figure 7 show that the size of the representation difference
is more dependent on the region and satellite being studied than the method used to do the
matchups. Regions near the equator (BOB and ETP) have higher representation differences
produced by all matchup strategies because salinity is more spatially and temporally
dynamic in these areas. For example, in the Bay of Bengal, there is a lot of short-term
temporal variability due to monsoons causing a heavy outflow of freshwater from the
Ganga-Brahmaputra and Irrawaddy rivers [29]. This means that two observations that are
close in space but several days apart in time may occur before and after a large influx of
fresh water and therefore have very different salinities. The same is true for observations
that are close in time but a few kilometers apart in space. One observation could be
inside the freshwater plume from a river, while another could be outside the plume and
much saltier. To further illustrate the effect of high short-term variability and small-scale
horizontal variability of each region on the RMSD produced by each method, Figure 12
includes a global map of the ECCO model’s average 7-day SSS standard deviation (12a),
average 100 km sub-footprint variability (Figure 12b), and a representation of the RMSD
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produced by each method on a map (Figure 12c). These maps show some regions with
large amounts of variability, e.g., ETP and BOB, and others with much less, e.g., PAC.

Standard Deviation

Sub Footprint Variability

(b)

Figure 12. (a) gives the average variability of SSS over a 7-day interval on a 1/48° grid. This gives an
idea of the short-term variability of the ECCO model. (b) gives the daily average 100 km sub-footprint
variability (calculated using the method in [24] on a 2° x 2° evaluation grid. This gives an idea of the
small-scale spatial variability of the ECCO model. (c) A representation of the data from Figure 6a on
a map showing the boundaries of the regions studied. The regions that have high variability shown
in Figure 12a,b have high RMSD values produced by all methods.

The NCLO optimization showed that closeness in space was often more important
than closeness in time for the SMOS and Aquarius satellites because optimum space_weight
was in most cases higher than time_weight, especially for regions in mid-latitude areas of
the ocean that do not experience strong or frequent salinity forcing (PAC, NATL). However,
this was not the case for the SMAP, which produced optimum space_weight values lower
than 0.5 in all regions. This may be because SMAP has the most coverage of the three
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satellites; therefore, a high space_weight is not necessary to find a close spatial match for any
given Argo point. Figure 13 shows the heavy contrast between the observation densities
of the SMAP and Aquarius satellites. The Aquarius satellite only has about a tenth of the
observations that SMAP does and therefore has more patches of ocean being observed
less frequently. The lack of coverage by Aquarius may explain why the optimized NCLO
parameters for the Aquarius satellite tend to have higher space_weights than both SMOS
and SMAP.
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Figure 13. Colors with scale at right: Coverage of the Aquarius (left column) and SMAP satellites
(right column). Black symbols: Argo float observations for the entire year of simulated data in the
PAC (top row) and BOB (bottom row) region.

While it is possible that lower optimum space_weights in the tropical regions (BOB and
ETP) are the result of high short-term temporal variability caused by heavy and frequent
precipitation events (e.g., [30]), it is difficult to say whether the optimum parameters were
primarily influenced by the characteristics of the region or the track of the satellite used.
Both equatorial regions examined include near-coastal areas, where satellite coverage is not
as complete as it is in the open ocean. Overall, the sparsity of the Aquarius observations
leads to higher representation differences no matter which method or region is used, which
is reflected in the higher RMSD values shown in Figure 6a.

4.2. Feasibility of Each Method

It is true that the very most effective method of minimizing representation differences
between satellite and in situ measurements would consider the dynamics of the ocean
region and the track of the satellite being studied. However, implementing the N-closest
method—or any validation method that optimizes based on area of the ocean—on real
world data would be complicated, ever-changing, and inefficient. This would require
producing a grid of optimized parameters, i.e., determining the optimal N and space_weight
for the whole globe. Based on the amount of time that it takes to run the N-Closest matchup
for a 20° x 20° region using one year of SMAP data on the computer used to conduct this
study, it would take about 3.8 days to generate such a grid with that resolution for the
whole globe. It takes approximately three and a half hours to run an ASD, SSDS, or SSDT
matchup over the entire globe. Therefore, running the ASD, SSDS, or SSDT method globally
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takes about 3.7% of the time it takes to run NCLO globally. Strong seasonal variability in
ocean dynamics would also require that this grid be calculated for several different times
of the year to remain accurate, making the method even more computationally inefficient.
Finally, ocean dynamics related to salinity are rapidly changing from year to year due to
global climate change and events such as the El Nifio Southern Oscillation, so any such
optimized grid would not be expected to stay accurate for very long and would need to be
frequently redone or fit to a climate model in some way.

The RMSD values produced using ASD, SSDS, and SSDT are slightly higher, but
it only takes about 3 h to run any of these methods globally. These methods are much
simpler and will not change over time or require adjustments throughout the year as an
optimized method would. The representation differences found using these methods can
be more easily estimated using simulated data for each satellite, and this predictability
makes it easier to know what portion of total differences can be attributed to representation
differences when validations are completed on real data. Perhaps the answer is not to
optimize the method of matching up by region but rather to collect information about the
expected representation differences present in each region so it can be subtracted from
real matchups.

4.3. The Effect of Averaging on Instrumental Noise

In all regions, the optimum N value was found to be six or lower. This indicated that
there is not much benefit in averaging many observations together when minimizing only
representation differences between in situ and satellite observations. The results of each
matchup method when used on the Aquarius data set with added gaussian noise (Figure 8)
show that methods that use averaging appear more effective than the other methods when
instrumental errors are present because they smooth out these random errors. Another
effect of adding noise to simulate instrumental errors was an increase in the optimal
N values found by the NCLO optimization (Figure 9).

If this experiment were to be repeated using real satellite and Argo data, and it was
found that optimum N values increased or the ASD method produced lower RMSD values,
it could be because averaging decreases the effect of random noise, and not representation
differences. This is, after all, the reason why L1B satellite observations are averaged over a
footprint to make an L2 product [22]. It was previously suggested that it is better to average
L2 observations when doing matchups because these observations are oversampled and
some averaging is needed to minimize radiometric noise [22]. However, the purpose of
validation is to detect instrumental errors in satellite products, and L2 satellite observations
are a published product that will be used in future research, so it is important to understand
the instrumental and retrieval errors of these products as-is. We find that the single salinity
difference methods are more indicative of the errors present in the L2 products. Averaging
via the ASD method, as refs. [22,23] have completed, or using any number of nearest
neighbors, such as in the N-closest method, would be more appropriate for developing
a matchup strategy for an averaged version of the L2 product, such as an L3 product.
L3 product validation is a potential future direction of this research.

4.4. Success of ASD, SSDS, SSDT and Recommendations

In this study, where simulated satellite data were used and instrumental errors were
not present, the SSDT method outperformed the ASD method and the SSDS method in
every region for the SMOS and SMAP satellites, as shown in Figure 6a. It is important to
remember that the SSDT method does not pick a random observation that has the smallest
time difference from the Argo measurement, but rather identifies the group of observations
that have that minimum time difference and then picks the closest in space out of those.
Therefore, SSDT is a single salinity method that considers closeness in both time and space.
The simplicity of this method makes it easily applicable to the entire ocean at any time
and more computationally efficient than an optimizing method such as NCLO. Therefore,
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we recommend SSDT as a method of validation of L2 satellite observations with in-situ
Argo floats.

5. Conclusions

The metric used to measure the success of each matchup method, RMSD, was more
dependent on the region and satellite being tested than the method used to do the matchup.
This shows that while a matchup strategy that takes regional dynamics and satellite track
into consideration will most effectively minimize RMSD, it is more important to consider
the computational efficiency of the method. While the optimized N-Closest method did
produce the lowest RMSDs in every region with every satellite, the decrease in RMSD was
relatively small compared with the computational cost of conducting the optimization for
each region. Implementing such a method across the globe would not be feasible because
the parameters N and space_weight would need to be generated on a grid for the entire ocean,
and then those values would change as ocean dynamics changed during different seasons
as well as permanently over time due to global climate change and natural variability.

While representational differences are not absolutely minimized by a simpler method
such as SSDS, SSDT, or ASD, it is better to employ a simple method that works predictably
well across the entire ocean. The advantage of having representation differences that are
predictable rather than minimized is that a predictable representation difference can be
estimated and subtracted in the future from instrumental errors found by real observation
matchups. Future directions of this research could include using a simple matchup method
on several years of simulated data sets to quantify representation differences in different
areas of the ocean at different times of the year and check for consistency across several
years. Another future research direction may be determining the vertical representation
differences between Argo and satellite measurements caused by Argo sampling at ~5 m
depth. However, further investigation of the representation of near-surface stratification
by the ECCO model would need to be completed to ensure accuracy, especially near the
coasts. We are also interested in determining a matchup method that is better suited for
validating L3 data with an averaging method.

Due to its consistent success across all the regions tested and all the satellites used,
we recommend using the SSDT method for validating L2 satellite data using Argo data.
This method is time-centric but gives some consideration to the closeness of the satellite
observation in both time and space. It is about as computationally efficient as the ASD and
SSDS methods but produces slightly lower RMSD values overall with simulated data.
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