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Abstract: Sea Surface Temperature (SST) is at the core of many processes in the oceans. Various
remote sensing platforms have been used to obtain SST products of different scales, but their vali-
dation remains a topic of ongoing research. One promising platform is an uncrewed surface vehicle
called Saildrone. We use the data from eight Saildrone deployments of the USA West Coast 2019
campaign to validate MODIS level-2 and Multi-scale Ultra-high Resolution (MUR) level-4 satellite
SST products at 1km spatial resolution and to assess the robustness of the quality levels of MODIS
level-2 products over the California Coast. Pixel-based SST comparisons between Saildrone and the
satellite products were performed, as well as thermal gradient comparisons computed both at the
pixel-base level and using kriging interpolation. The results generally showed better accuracies for
the MUR products. The characterization of the MODIS quality level proved to be valid in areas
covered by bad-quality MODIS pixels but less valid in areas covered by lower-quality pixels. The
latter implies possible errors in the MODIS quality level characterization and MUR interpolation
processes. We have demonstrated the ability of the Saildrones to accurately validate near-shore satel-
lite SST products and provide important information for the quality assessment of satellite products.
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T 1. Introduction
Vazquez-Cuervo, J. Validation of

NASA Sea Surface Temperature The sea surface temperature (SST) is a key state variable for studying and predicting
Satellite Products Using Saildrone the interaction between the ocean and the atmosphere [1] and an indicator of global cli-
Data. Remote Sens. 2023, 15, 2277. mate change [2—4]. Its accurate mapping is critical for the understanding of ocean phe-
https://doi.org/10.3390/rs15092277 nomena such as coastal upwelling. The ability to extract accurate SST and its gradients is

essential for the study of coastal processes [5] and for the better understanding of the
mesoscale and sub-mesoscale coastal dynamics [6]. Satellites offer the possibility to map
Received: 16 February 2023 SST at large spatial scales. Compared to in situ measurements, they provide better spatial
Revised: 14 April 2023 coverage of the ocean SST [7]. However, the coarse spatiotemporal resolution of the avail-
Accepted: 15 April 2023 able satellite data may not be adequate for small-scale assessments of ocean phenomena.
Published: 25 April 2023 In addition, coastal areas are often covered by clouds, resulting in data gaps within the
satellite data, hence full spatial coverage is not available. For many applications the data

= gaps have to be interpolated, increasing the uncertainty of the final satellite product. The
problem of cloud cover in coastal areas is dominant, especially in our study area, the Cal-
ifornia Coast [8,9]. In California, the term June Gloom is used to describe the cloudy, over-
cast sky and the cool temperatures of late spring and early summer.

Satellite SST data are provided to the users with quality flags for each pixel, typically
based on a quality assessment of the atmospheric correction, atmospheric conditions at
the time of acquisition, cloud cover, etc. These quality flags span a scale from 0 to 5 that
indicates the quality level of each pixel. Zero indicates a complete failure or masked pixel
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and the highest number indicates the best quality that a pixel can have within the SST
product (https://oceancolor.gsfc.nasa.gov/atbd/sst/flag/, accessed on 10 February 2023).
These per-pixel quality levels are also provided to the users within the SST product. The
quality levels are very important as they are used to indicate which pixel will be used for
the next processing step up to the extraction of the final SST gridded product (level-4).

Therefore, the validation of satellite-derived SST products in terms of assessing their
quality levels is of critical importance. The extent to which the available satellite data can
contribute to our understanding of coastal processes depends on the quality of the satellite
products and the reliability of the quality levels.

Many satellites map SST at different spatial resolutions (1-25 km) using thermal in-
frared bands [10]. The most commonly used infrared sensors for SST are the Visible Infra-
red Imaging Radiometer Suite (VIIRS) instrument onboard the NOAA/NASA Suomi NPP
satellite, the Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the
NASA Earth Observing System (EOS) Terra and Aqua satellites, the Advanced Very High-
Resolution Radiometer (AVHRR) on NOAA'’s Polar-orbiting Operational Environmental
Satellites (POES), the Along-Track Scanning Radiometer (ATSR) on the European Remote
Sensing Satellite (ERS-2) and the Geostationary Operational Environmental Satellite
(GOES) Imager. However, these infrared sensors are highly affected by scattering from
atmospheric vapor, leading to uncertainties and data gaps in cloud-covered areas
[7,11,12].

Satellite microwave sensors are also used to measure SST [13,14]. The microwave
sensors record the energy emitted by the atmosphere, reflected or emitted by the ocean,
or the radiance transmitted from the subsurface (SSTsub-skin), and these data are converted
into temperature information. Unlike thermal infrared radiation, longer wavelength mi-
crowave radiation can penetrate through clouds, haze, and precipitation, providing SST
data in all weather conditions and at night. However, the derived spatial resolution is
about 25km which may be insufficient to detect submesoscale and mesoscale variability.
Some examples of microwave sensors include the Scanning Multichannel Microwave Ra-
diometer (SMMR) carried on the Nimbus-7 and Seasat satellites, the Tropical Rainfall
Measuring Mission (TRMM) Microwave Imager (TMI), the Advanced Microwave Scan-
ning Radiometer (AMSR) instrument on the NASA’s EOS Aqua satellite and the Japanese
Advanced Earth Observing Satellite (ADEOS II). Microwave data have coarser spatial res-
olution and lower accuracy than the infrared data, and are also sensitive to surface rough-
ness and precipitation [15].

In situ measurements to validate satellite products of SST are typically made using
buoys [16-18] and Argo floats [19]. However, there are significant practical limitations
[3,20]. More specifically, they only measure at a specific geographic location and therefore
are unable to document mesoscale and sub-mesoscale variability. Another difference is
that in situ measurements typically measure SST at a depth of a few centimeters below
the surface (bulk SST/SSTaeptn), rather than skin or sub-skin temperature (SSTsub-skin), as is
the case with thermal infrared and passive microwave sensors, respectively. The differ-
ences between SSTsin and bulk SST increase under wind-free conditions or when large
amounts of incoming solar radiation reach the ocean surface. As a result, there may be
differences between skin temperature and temperatures at several meters of depth. These
differences should be taken into account when validating satellite measurements derived
from either thermal infrared or passive microwave sensors.

A recently developed uncrewed surface vehicle (USV) technology called Saildrone
samples the ocean surface every minute and provides multiple measurements of the ocean
surface, including the skin (SSTskin) and the SST a few centimeters below the surface (bulk
SST/SSTaeptn) (https://www.saildrone.com/, accessed on 10 February 2023). The ability of
the Saildrone to sample the ocean surface with high temporal resolution and increased
spatial coverage due to its autonomous, rapid navigation allows for a better comparison
with satellite data than the traditional in situ measurements mentioned above. Saildrones
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also allow the extraction of spatial gradients of the ocean parameter of interest due to their
high spatiotemporal resolution [5].

To observe dynamic coastal phenomena such as the upwelling at small scales, a com-
bination of infrared, microwave, and in situ data is promising. In this context, NASA’s
Multi-scale Ultra-high Resolution (MUR) SST product of the Group for High-Resolution
Sea Surface Temperature (GHRSST) combines data from different sources. The current
version of MUR (Version 4.1, http://dx.doi.org/10.5067/GHGMR-4F]04, accessed on 10
February 2023) combines MODIS SST retrievals at a high spatial resolution of about 1 km,
Advanced Very High-Resolution Radiometer (AVHRR) infrared SST retrievals at a me-
dium resolution of 4 to 8.8 km, and microwave SST retrievals at a coarser spatial resolution
of 25 km. This combination aims to fill the data gaps in areas where only infrared or mi-
crowave data are available [21]. The approach used in the MUR data maximizes the use
of the infrared data, where available, from MODIS (level-2 product) and AVHRR. MUR
is globally gridded at 1 km resolution and available in daily maps using an interpolation
technique based on a wavelet decomposition [22].

This paper presents a validation of MODIS level-2 (L2P) and MUR level-4 SST prod-
ucts over the California Coast. We also examine the MODIS level-2 quality levels charac-
terization along the California Coastal region. This is the first study to compare MODIS
level-2 (L2P) with MUR level-4 SST products over the California Coast. It is also the first
study that attempts to validate MODIS level-2 (L2P) data from a spatiotemporal perspec-
tive by applying the different quality levels off the California Coast. MODIS L2P data are
the main input for the production of the level-4 gridded SST MUR products and therefore
the validation of their quality is crucial. Their quality is documented by the quality levels
that have been established during the primary data processing. MUR uses only the
MODIS pixels of good-quality (quality level 5). Otherwise, the interpolation to fill the pix-
els where no MODIS data were found, or where quality level 5 pixels are not available, is
done using data of coarser spatial resolution. More specifically, it uses AVHRR data from
4 km to 8.8km or microwave data from the Advanced Microwave Scanning Radiometer
(AMSR-E), the WindSat Polarimetric Radiometer, and the Advanced Microwave Scanning
Radiometer 2 (AMSR?2), as well as in situ data [22] are used.

Assessing the quality levels of MODIS level-2 data is important because incorrectly
characterizing a pixel as “bad-quality” or “good-quality” will lead to incorrect exclusion
or inclusion, respectively, of that particular pixel from the final SST product. In the former
case, erroneous exclusion can lead to unneeded data interpolation thus reducing the ac-
curacy of the final SST product. The validation of both MODIS level-2 and MODIS level-
4 as well as of the quality levels of MODIS level-2 was carried out using the Saildrone data
due to its ability to sample the sea surface of coastal areas at high spatial and temporal
resolution. The validation was performed at the pixel level. Gradients were also calculated
to test the ability of 1km satellite products to correctly estimate thermal gradients. The
gradients are of particular importance because of they assist the understanding of the
coastal SST patterns and the associated upwelling phenomena. Despite the rapid coverage
of large areas that Saildrones provide, they are often only launched close to the coast.
Therefore, the ability to interpolate Saildrone-based SST values in unsampled areas outside
the coast can help to validate satellite products over a larger spatial extent. To achieve this, this
study used kriging interpolation to predict the Saildrone SST values in unsampled locations
by taking into account the spatial correlation between sampled SST values [23].

The choice of the California Coast as the study area was made because it is a highly
productive coastal ecosystem due to the California Current [24,25]. Coastal upwelling is
the dominant physical phenomenon affecting production in the California Current sys-
tem. It occurs from April to September when strong northerly winds blow along the Ore-
gon and Washington coasts. This seasonal cold water is associated with high production
by phytoplankton which is the base of the food chain, attracting large numbers of con-
sumers and leading to one of the most productive fisheries in the world. These fisheries
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play a key role in the economy and culture of the California Current (https://eco-
watch.noaa.gov/regions/california-current, accessed on 10 February 2023).
In this current study, we focus specifically on:

e  Per-pixel validation of SST values from satellite products using Saildrone data

e Assessing the quality levels of MODIS level-2 data

e  Estimation of the SST gradients using pixel-based and kriging approaches from the
Saildrone data and comparison with those estimated directly from the satellite prod-
ucts.

In the following sections, we present the methods we used for the SST and gradient
validations, as well as a description of the results and discussion compared to previous
studies.

2. Materials and Methods
2.1. Study Area

The study area covers part of the North Pacific Ocean along the California Coast,
from 46.783603, -126.339794 north to 24.178057, —116.711086 south, in geographic coordi-
nates (see Figure 1a). The area includes the coastline from Washington to Baja California,
where the dominant coastal upwelling occurs.

a) Study area

Source: https://www.google.com/maps
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Figure 1. Study area; (a) Saildrone vehicle (Source: https://www.google.com/maps, accessed on 10
February 2023); (b) The eight West Coast 2019 Saildrone trajectories along the study area (Source:
https://data.saildrone.com , accessed on 10 February 2023); (c) Co-registration average method for
the pixel-based SST calculation (d) Formula for pixel-based gradient calculation along each of the
pixels within the Saildrone trajectory (e).

2.2. Data
2.2.1. In Situ Measurements

In this study, as a reference for the validation of the satellite products we used the
data from the Saildrone USA West Coast 2019 campaign, which integrates eight deploy-
ments along the California Coast (see Figure 1c). The USA West Coast 2019 deployment
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covers spatially the area from 31.78 to 48.5 degrees latitude and —127.62 to —-118.36 degrees
longitude. Data collection took place from mid-June to mid-September (18 June 2019 to 16
September 2019). The eight Saildrone deployments followed different trajectories between
each other, continuously sampling the ocean surface every minute for the entire period
between 18 June 2019 and 16 September 2019. We selected only the Saildrone measure-
ments for each deployment corresponding to the dates of 27 and 30 of June, 7th of July,
and 11th of August (from 0:00 to 23:59 p.m. for each date), as these are the dates of the
satellite data used for this study (see next section).

We used the bulk SST/SSTdepth measurements from the CTD sensor at 0.6m below the
sea surface level (TEMP_CTD_RBR_MEAN value of SST) because at the time of the cur-
rent study, the Saildrone sensor measuring bulk SST/SSTaeptn has proven to be more accu-
rate than the one measuring SSTskin. The Saildrone data were accessed on 1 June 2022.
The instrumentation on Saildrones is not a new technology but is based on the application
of standard Conductivity/Temperature/Depth measurements. These instruments have
been used extensively in ships, buoys, etc. The infrared radiometers on Saildrones were
not used in the study, because there are still calibration issues. Thus, for this study, only
the CTD sensors were used. CTD sensors are used on the global ARGO array as a reference
for many data sets, including satellite-derived sea surface temperature and salinity [26].

2.2.2. Satellite Sea Surface Temperature Products

We used two different SST satellite products at 1 km spatial resolution over the Cal-
ifornia Coast for the dates of the 27th and 30th of June, the 7th of July, and the 11th of
August 2019, which coincide with the Saildrone data. More specifically, the two datasets
used are as follows:

The first dataset is the GHRSST level-2P Global Skin Sea Surface Temperature from
the Moderate Resolution Imaging Spectroradiometer (MODIS) on the NASA Aqua satel-
lite. This skin SST product is produced from both day and night observations, derived
from the long-wave IR 11- and 12-micron wavelength channels of Aqua MODIS
(https://podaac.jpl.nasa.gov/dataset/MODIS_A-JPL-L2P-v2019.0, accessed on 1 June
2022). The MODIS Level-2P SST data used in this study were accessed on 1 June 2022. In
addition to the skin SST data, we used the quality level information that accompanies the
MODIS level-2P products, which includes information on how good/trustworthy the SST
value of each pixel is. Higher values correspond to better-quality pixels. This information
is very useful because bad-quality pixels (e.g., cloud-covered pixels) are masked out and
only the good-quality pixels (quality level 5) are used during the interpolation process to
produce the final gridded MUR product (level-4 SST map).

The second dataset is the GHRSST level-4 MUR Global foundation SST product,
which combines nighttime GHRSST L2P skin and sub-skin SST observations from several
instruments, including the NASA Advanced Microwave Scanning Radiometer-EOS
(AMSR-E), the JAXA Advanced Microwave Scanning Radiometer 2 on GCOM-W1, the
MODIS on the NASA Aqua and Terra platforms, the US Navy WindSat microwave radi-
ometer, the AVHRR on several NOAA satellites, and in situ SST observations from the
NOAA iQuam project [20].The iQuam data are used for bias correction. The level-4 prod-
uct is a daily global map gridded at 0.01° spatial resolution (https://po-
daac.jpl.nasa.gov/dataset/MUR-JPL-L4-GLOB-v4.1, accessed on 1 June 2022). The
GHRSST level-4 MUR SST data used in this study were accessed on 1 June 2022.

2.3. Sea Surface Temperature Comparisons

To validate the satellite products using the Saildrone data, we performed a pixel-
based comparison of the SST values of the three datasets, as well as a validation of the
MODIS level-2 quality levels for each MODIS pixel.

To perform these two tasks, the three datasets had to be georeferenced to each other
to eliminate spatial discrepancies between the datasets. As the MODIS level-2 product is
not georeferenced (coordinates are on the native satellite swath grid), we registered it to
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the MUR level-4 product within the SeaDAS software provided by NASA (https://sea-
das.gsfc.nasa.gov/, accessed on 1 June 2022). Due to the high temporal sampling resolu-
tion of the Saildrone (1 minute), many Saildrone points fell within the same MODIS and
MUR pixel.

Therefore, a further step was to co-register the Saildrone points with the satellite
products. The co-registration was performed using the average of all Saildrone SST point
values falling into each MODIS and MUR pixel [5] (see Figure 1d). After the co-registra-
tion of the three datasets, we performed the pixel-based comparisons of the SST values,
and their discrepancies were quantified in terms of root mean squared error (RMSE) and
mean absolute error (MAE).

2.4. Thermal Gradients Comparisons

Two different workflows were used to calculate and compare the gradients between
the three datasets:.

2.4.1. Pixel-Based Approach

The first approach is based on a pixel-based comparison between the gradients cal-
culated on the Saildrone pixels (pixels along each Saildrone trajectory) and the gradients
calculated on the corresponding pixels in the satellite products (see Figure le).

To perform this comparison, we calculated the magnitude of the SST spatial gradient
at each pixel location i, j for all three datasets using finite central differences [27-30]. The
formula is as follows:

Xsstg(1,j) = (S(1 +1, j) = S(i =1, j))/2AX
Yssts(i, j) = (S(i, j +1)-S(, j - 1))/2AY 1)

Asstg = \/XSSTg(i,j) 2 + YSSTg(i, )2

The terms Xsstg and Ysstg(i, j) denote the corresponding gradient (in K/km) in the lon-
gitudinal and latitudinal directions, respectively, and S(i, j) denotes the SST pixel value of
each product after its co-registration (MODIS, MUR, Saildrone) at location i (longitude), j
(latitude) along the Saildrone trajectory. The terms AX and AY are the distances in km the
longitudinal and latitudinal directions between neighboring pixels. Asstg is the magnitude
of the SST gradient at the given pixel at the given 1i,j location.

The discrepancies between the pixel-based calculated gradients for each of the satel-
lite products and the Saildrone were quantified in terms of RMSE and MAE.

2.4.2. Kriging-Based Approach

The second approach was based on a kriging interpolation workflow for predicting Sail-
drone SST in unsampled locations [24]. This interpolation workflow is used to predict the SST
in a larger spatial area around the sampled pixels where in-situ data were not available. This
allows us to generate in situ data in unsampled areas and thus validate the satellite products
in larger spatial areas. For the interpolation, we chose the ordinary kriging method. Kriging
interpolation allows the spatial correlation between the sampled values to be taken into ac-
count and is therefore particularly useful in the case of our application.

More precisely, spatial correlation simply refers to the fact that nearby pixels are ex-
pected to have more similar SST values than those further away. Therefore, the interpola-
tion is based on the spatial arrangement of the empirical observations (in our case the SST
sampled Saildrone values), rather than using an assumed model of spatial distribution.

The SST Saildrone data were used to derive the experimental variogram. The full
workflow for the kriging interpolation is shown in Figure 2. The experimental variogram
is a discrete function calculated using a measure of the variability between pairs of points at
different distances. In other words, it describes how the data are correlated with distance.
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Figure 2. Workflow for the kriging interpolation using the Saildrone SST values for one of the tra-
jectories.

As the experimental variogram does not provide information for all possible direc-
tions and distances between points, we fitted a variogram model to approximate the ex-
perimental variogram. In a subsequent step, the kriging interpolation was performed to
predict the SST values at the unsampled locations using the fitted variogram. The predic-
tion was made in the spatial area/window around the pixels of each Saildrone trajectory,
as described in the previous paragraph.

The standard deviation of the interpolated SST values was also estimated at each
predicted pixel location. Based on the standard deviation and considering that SST esti-
mations closer to the locations of the sampled data are more accurate, a mask was created.
The mask included pixels with a standard deviation less than a defined threshold (see
Figure 2d,e). This threshold was chosen to retain only the pixels with the smallest stand-
ard deviation, i.e., pixels close to the sampled locations/pixels. Gradients were then calcu-
lated for the valid pixels within the mask using Formula (1).

Using the same mask, gradients were calculated for the same pixels on each satellite
product using Formula (1) and their differences between those calculated on the kriging-
based predicted SST pixel values as described above were expressed in terms of RMSE.

3. Results
3.1. Sea Surface Temperature

The comparisons between Saildrone and the two satellite products are summarized
in the following two sections: In the first one, the accuracies in terms of RMSE and MAE
are analyzed for all the Saildrone trajectories and are compared between the two products.
The analysis is done with respect to the quality level of the corresponding MODIS prod-
uct. The second section shows the SST maps for all the dates for both products, as well as
the quality level of each pixel of the corresponding MODIS product. In addition, in this
second section we show the evolution of the SST for both products along two characteris-
tic trajectories, as well as the per-pixel quality level value of each MODIS pixel along these
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two trajectories. The second section aims to understand the differences between the three
datasets in space.

Each of the Saildrone trajectories was classified based on the number of bad-quality
MODIS pixels it contained. As mentioned in the previous section, MODIS pixels of quality
level one are defined as “bad-quality pixels”. Pixels of quality levels three and four are
defined as “medium-quality pixels” and pixels of quality level five are mentioned as
“good-quality pixels”. The percentage of bad-quality MODIS pixels for each trajectory is
relative to all the pixels along each trajectory.

In the following, trajectories containing only bad-quality MODIS pixels (100%) are
defined as “bad-quality trajectories”. Trajectories containing more than 30% and less than
100% bad-quality MODIS pixels are defined as “medium-quality trajectories”, and trajec-
tories containing equal or less than 30% bad-quality MODIS pixels are defined as “good-
quality trajectories”. These classification thresholds are derived from the data to have a
very well-defined separation between the three classes. The trajectories classified above
are colored in red, orange, and green, respectively, in the graphs and maps of the follow-
ing sections.

3.1.1. Pixel-Based Sea Surface Temperature Comparisons

Figure 3a,b show the RMSE and MAE between the Saildrone and the two satellite
products for all 23 Saildrone trajectories. Figure 3c shows the percentage of bad-quality
pixels for each of the trajectories. Bad, medium, and good-quality trajectories are shown
in red, orange, and green colors respectively, according to the classification described at
the beginning of Section 3.1. From all the quality trajectories, we extracted a mean RMSE of
0.86 and 4.64 K (Kelvin; hereafter K stands for Kelvin) for MUR and MODIS, respectively.
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Figure 3. RMSE (a) and MAE (b) plot for both products and all the trajectories; percentage of bad-
quality MODIS pixels for all the trajectories: in red, orange, and green the bad, medium, and good-
quality trajectories, respectively (c).

For all of the bad-quality trajectories, Figure 3a,b show that the MODIS RMSE and
MAE are higher than the corresponding RMSE and MAE for the MUR. In particular, in
some cases, the MODIS RMSE and MAE reach very high values (trajectories with numbers



Remote Sens. 2023, 15, 2277

9 of 19

3, 7), even almost 50 K. This result indicates the very poor quality of the MODIS level-2
product, especially in areas close to the coast. However, since the other trajectories have
much lower RMSE and MAE values than the 50 K value, we can consider this value as an
outlier.

For the medium-quality trajectories, the RMSE and MAE values for the two products
are more similar. Thus, as the quality of the MODIS product increases, its accuracy does
not differ much from the accuracy of the corresponding level-4 interpolated MUR prod-
uct. In particular, for one of the medium-quality trajectories (number 10), the accuracy of
the MODIS product is better than that of the MUR.

However, for the medium-quality trajectories (numbers 5, 10, 23), the MUR products
have higher inaccuracies than other bad-quality trajectories, even though they contain bet-
ter-quality MODIS pixels. The same is true for the MODIS product for trajectory number
23. This specific result implies either the existence of errors during the interpolation pro-
cess to extract the level-4 MUR product or the misclassification of MODIS pixels with re-
spect to their quality level. In the latter case, bad-quality MODIS pixels may have been
misclassified as medium-quality pixels and therefore the medium-quality trajectories con-
tain fewer bad-quality pixels than they actually do.

For the good-quality trajectories, the RMSE and MAE values are generally lower for
both products and more similar for both products, as can be seen in Figure 3a,b. Especially
for the MODIS products, the accuracies are much better than the accuracies of the bad-
quality trajectories

Therefore, as the quality of the MODIS products increases, MUR and MODIS have
more similar RMSE and MAE values. There are cases of two trajectories (numbers 12, 13)
where the MODIS is more accurate than the MUR. However, as in the case of the medium-
quality trajectories, some good-quality trajectories appear to have higher RMSE and MAE
values for the MUR products than other medium and bad-quality trajectories (such as
numbers 12, 13). In addition, for the MODIS products, some good-quality trajectories
(such as numbers 6, 8, and 13) are less accurate than the medium-quality trajectory num-
ber 10. These last results confirm the similar finding derived for the medium-quality tra-
jectories described in the previous paragraph regarding the potential errors within the
processes of MODIS quality level characterization and MUR level-4 interpolation (see
more in Section 4).

3.1.2. Sea Surface Temperature Maps

Figure 4 shows the MODIS and MUR SST maps and the Saildrone SST trajectories for
all the trajectories and for all the dates. It also includes the quality level map for the same
area, where bad-quality MODIS pixels are in red, medium-quality MODIS pixels are in
orange, and good-quality MODIS pixels are in green. The numbering of the trajectories
follows the numbering of the trajectories in the plots of the previous section.

Comparing the MODIS and MUR maps and using the quality level maps for all the
dates, we see that the differences between the SST values within the products are greater
in areas of bad-quality pixels (red areas). These areas are mainly near the coast (land is
shown in black). Interestingly, the MODIS SST values appear to be underestimated in
these red areas, as they are smaller than the corresponding MUR values (white areas
within the MODIS maps). Therefore, the MODIS products seem to be less accurate in the
red areas. The differences between the two products become smaller (more similar pixel
colors) in the medium and good pixel areas, shown in orange and green colors, respec-
tively. Especially in the green areas, the two products seem to have the smallest differ-
ences in SST, even though they are spatially limited. Consequently, the visual interpreta-
tion of the maps in Figure 4 confirms the results analyzed above on the basis of Figure 3.
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Figure 4. SST and quality level maps for all the dates and for the three datasets. The SST maps depict
the SST values of the two satellite products and the Saildrone trajectories in K. The quality level
maps correspond to the quality level (from 1 to 5) for each MODIS pixel.
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3.1.3. Sea Surface Temperature Evolution along Trajectories

The plots in Figure 5 show the evolution of the SST for the three datasets along two
Saildrone trajectories during the 11th of August (plots 1a, 2a). The quality level of each
MODIS pixel along each of the trajectories is also shown in plots 1b and 2b. The trajectories
are depicted on a map that shows the MODIS quality levels of each pixel in the surround-
ing area (plots 1c, 2c). The first trajectory (plot 1) shows a medium-quality trajectory, as it
contains 74% bad-quality pixels. The second trajectory (plot 2) shows a good-quality tra-
jectory, containing only 8% bad-quality pixels.

1) Medium-quality trajectory
a) ——E e = —— sst Saildrone Béd quality
290.0 T A— ~\ —— sstl4 MUR ple!
287.3 [ ~ sstl2 MODIS Medium quality
— 285.0 I pixel
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< | | i
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| |
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2 \ | N
. N A
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2) Good-quality trajectory
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Figure 5. SST evolution of the Saildrone (blue), MUR (green), and MODIS (orange) along two Sail-
drone trajectories during the 11th of August (1a,2a); the quality level of each MODIS pixel along the
trajectories (1b,2b); the quality level maps (1c¢,2c) with the trajectories, in which the points of the
trajectories are numbered following the numbering of the X-axis in the plots (1a,2a) and (1b, 2b).

Firstly, the MUR SST values (green color in plots 1a, 1b) are closer to the Saildrone
reference SST values (in blue) than to the MODIS values (in orange) over most of the tra-
jectory and for both trajectories. Secondly, the MODIS signal is noisier than the MUR
throughout the entire trajectory for both trajectories.

Plots 1b and 2b show for both trajectories that the mismatch between MODIS and
Saildrone increases for pixel locations that correspond to bad-quality level MODIS pixels
(quality level 1). These areas are marked with red boxes in plots 1b, and 2b.

For the medium-quality trajectory, the mismatch between Saildrone and MODIS in-
creases at the end of the trajectory where only bad pixels exist, and reaches about 20 K.
For the good-quality trajectory, the largest mismatch is found at the beginning of the tra-
jectory (around 3 K), where the bad pixels are mainly located. For the medium-quality
trajectory, the mismatch between Saildrone and both products becomes smaller at the lo-
cations of good-quality level pixels which are shown in green color in map 1c. These good-
quality areas are located at the beginning of the trajectory. In the case of the good-quality
trajectory, there are mismatches between both products and Saildrone along the entire
trajectory. However, the mismatches decrease at the locations of the medium-quality level
pixels, as shown in orange in map 2c.
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3.2. Thermal Gradients
3.2.1. Pixel-Based Approach

For the pixel-based approach, Formula (1) was used to calculate the spatial SST gra-
dient for each of the pixels along the Saildrone trajectories and the corresponding pixels
within the two satellite products. Figure 6a summarizes the results in terms of the RMSE
between Saildrone and the two satellite products, relative to the percentage of bad-quality
MODIS pixels of each trajectory shown in Figure 6c. From all the quality trajectories we
extracted a mean RMSE of 0.19 and 0.84 K/km for MUR and MODIS, respectively.

For all the bad-quality trajectories, the MUR products are more accurate in terms of
RMSE than the corresponding MODIS products, except for one trajectory (number 12).
The RMSE values range from 0.16 to 4.6 K/km for MODIS and from 0.04 to 0.39 K/km for
MUR. The differences in RMSE between the two products are large, reaching almost 4.2
K/km. The MODIS products appear to have high inaccuracies (RMSE up to 4.6 K/km) in
some bad-quality trajectories (numbers 3, 7).

For the medium and good-quality trajectories, the RMSE values for both products are
closer to each other than in the case of the bad-quality trajectories. MUR is more accurate
than MODIS. However, the trajectories of medium-quality do not correspond to lower
RMSE values than the bad-quality trajectories for both products. On the contrary, for some
trajectories (numbers 5, 23) the inaccuracies are higher compared to some bad-quality tra-
jectories, for both products and especially for MUR.

Regarding the good-quality trajectories, the accuracies for MODIS for the good-qual-
ity trajectories are generally much better than those for the bad-quality trajectories. The
only exception is trajectory number 2, where the RMSE is larger than the RMSE of one of
the medium-quality trajectories (number 5) and one of the bad-quality trajectories (num-
ber 11).

Comparing the two products, MUR is generally more robust or equally robust com-
pared to MODIS, except for trajectory number 12.

The higher RMSE for the MUR compared to the MODIS product for the good trajec-
tory number 12, and the increased RMSE values for some medium and good-quality tra-
jectories for both products, are similar results to those derived from the SST pixel-based
comparisons in Section 3.1.1. They may indicate the following: Either possible errors in
the characterization of the quality levels of some MODIS pixels, or errors in the interpola-
tion to produce the level-4 MUR product.
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Figure 6. RMSE plots for the pixel-based (a) and kriging-based (b) gradients comparisons; percent-
age of bad-quality MODIS pixels for each of the trajectories for the pixel-based (c) and kriging-based
(d) approach: in red, orange, and green the bad, medium and good-quality trajectories, respectively.

3.2.2. Kriging-Based Approach

For the kriging-based approach, Formula (1) was used to calculate the spatial SST
gradients for all the kriging-based SST values within the mask, as described in Section
2.4.2. Formula (1) was also used to calculate the gradients for all the pixels of the two
satellite products within the same mask. The comparisons in terms of RMSE between the
kriging-based gradients and those calculated directly from the satellite products are
shown in Figure 6b. The percentage of bad-quality MODIS pixels of each trajectory is also
shown in Figure 6d. From all the quality trajectories we extracted a mean RMSE of 0.23
and 0.71 K/km for MUR and MODIS, respectively.

The results in terms of RMSE are slightly better for the kriging-based approach than
for the pixel-based approach for MODIS products, and very similar for MUR products
(slightly better for the pixel-based approach). The RMSE values range from 0.13 to 3.51
K/km for MODIS and from 0.04 to 1.17 K/km for MUR. The maximum difference between
the two products is 3 K/km.

For all the bad-quality trajectories the MUR RMSE is lower than the RMSE of the
MODIS. The highest inaccuracies of MODIS are found mainly for the bad trajectories, with
a maximum RMSE of 3.51 K/km (number 7). The differences between the two products
decrease for the medium and good-quality trajectories. For the medium-quality trajecto-
ries, MUR is generally more accurate than MODIS. For the good-quality trajectories, MUR
is generally more accurate than the corresponding MODIS, except for the trajectories with
numbers 12, 16, and 17. Additionally, as found in the results for the gradient pixel-based
approach, some medium and good trajectories (numbers 2, 11, 23) have higher MUR er-
rors than some bad trajectories.

These latter results, also derived based on the pixel-based SST comparisons and the
pixel-based gradient comparisons, suggest possible biases in the processes of characteriz-
ing the quality levels and the MUR interpolation.
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4. Discussion
4.1. Accuracies Compared to Previous Saildrone Studies

We derived mean SST RMSE of 0.86 and 4.64 K for MUR and MODIS, respectively
(excluding the outlier of 50 K).

Our study showed higher bias and RMSE between SST MUR and Saildrone for most
of the trajectories compared to a previous study conducted along the Baja California (bias
of 0.32 deg Celsius and RMSE of 0.42 degree Celsius) [27]. However, compared to another
study that compared MUR SST with two Saildrone deployments over the Arctic and Alas-
kan coastal waters which derived RMSE of about 7 and 9 degrees Celsius [28], our results
are more promising in terms of the accuracy of the MUR products (we found a maximum
RMSE of 2.57 K).

The high gradient values we obtained in most trajectories are due to the coastal
upwelling that occurs within the distance of 100 km from the California Coast. An earlier
study over the California Coast derived SST gradients greater than 0.1 deg Celcius/km
[29]. Similar results for the same area are derived from the recent study by Vazquez-
Cuervo et al.,, 2023 who found gradients for MUR products as high as 1 K/km [5]. They
also found very similar results for the MUR RMSE (0.21 K/km) compared to ours (mean
RMSE MUR of 0.19 K/km for the pixel-based gradient approach and 0.23 K/km for the
kriging-based approach). Therefore, our RMSE values for the MUR gradients are reason-
able considering the ocean dynamics of the California Coast due to the California Current
System. Comparing the gradients between MUR and Saildrone over Peru and Chile, [30]
identified the maximum magnitude of the gradients up to 0.03 K/km. In our study, the
maximum magnitude of the MUR gradient was higher, even reaching 0.8 K/km.

Since no previous studies have validated MODIS level-2 over the California Coast,
we were not able to compare our results with previous studies specifically for our study
area. The mean SST MODIS RMSE of 4.64 K and the mean gradient RMSE of 0.71-0.81
K/km are rather high compared to the MUR RMSE of our study and the previous studies
over the California Coast. These high inaccuracies indicate the poor quality of MODIS
level-2 data in coastal areas, especially over summer months when there is increased cloud
cover. In the next section, we compare our results for MODIS with previous MODIS stud-
ies conducted in other areas around the world.

4.2. Accuracies Compared to Previous MODIS Studies

Comparing our MODIS results in terms of RMSE SST with previous studies con-
ducted in other study areas, we conclude that our MODIS RMSE values are rather high.

More specifically, [31] found a bias of 0.19-0.34 deg Celsius within the MODIS data
in the South China Sea when compared with in situ data 5 m below the surface. Compar-
ison with coastal buoys extracted RMSE between 0.36 and 1.42 degree Celsius over the
Bay of Bengal, India [32], lower than in our study. Reference [33] compared MODIS level-
2 with SSTdepth buoys-based measurements over the Persian Gulf and found a bias of 0.07
degree Celsius at 63 measurement points and a RMSE of 0.53 degree Celsius.

The high RMSE and MAE values of the MODIS products that were found close to the
coast, confirm the poor quality of the infrared data in cloud-covered areas, as also found
in the study by [18]. In fact, in the vicinity of the coast, there are only bad-quality pixels
due to high cloud cover during the summer months. We have also seen in Section 3.1.3
that the MODIS signal is very noisy and noisier than the corresponding MUR signal. One
reason that could explain the high noise within the MODIS level-2 product, is the fact that
since it is a level-2 product it is still at an early stage of processing where not all noise
sources have been eliminated. Other reasons that may explain the much noisier MODIS
signal, such as errors related to sensor characteristics are subjects for future investigations
and are beyond the scope of this study.

Regarding the MUR products, beyond the comparisons we made between them and
the Saildrone and MODIS data, we could not perform further analysis to assess the per-
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pixel quality of the interpolation as we did for the MODIS quality levels. This is because
we did not have information available on exactly which data (AVHRR, microwave, in
situ) were used to interpolate each pixel when MODIS level-5 data were not available.

4.3. Source of Errors Due to Saildrone

Existing literature has already demonstrated the efficiency of averaging Saildrone
values for co-registration with the satellite products [27-29]. The Euclidean distance co-
registration method was also tested on our dataset and gave similar results to the averag-
ing co-registration method. The Saildrone is a wind-powered vehicle and therefore shifts
in its trajectory are expected. Although no SST differences of more than half a K were
found within pixels for the Saildrone trajectories, averaging for co-registration purposes
could also introduce uncertainties. In addition, the Saildrone can detect SST changes at
higher spatiotemporal resolutions (sub-kilometer and sub-daily) than the corresponding
satellite products, which also explains the discrepancies [27].

4.4. Source of Errors Due to Mismatches between the Instruments

There are differences in what the three instruments explicitly measure, both in space
and in time. MODIS L2P maps SSTskin whereas MUR is tuned to a bulk temperature by
using only nighttime retrievals. Thus, the issue of diurnal variability could still be a factor
in the measured differences between the three data sets. Saildrone sensor used in this cur-
rent study measures bulk SST/SSTaeptn at 0.6 m below the surface. The Saildrone sensor
that measures SSTsuin is also under development, according to a recent study [34], and this
will also improve the ability of Saildrones to validate satellite SST products.

In addition, MUR uses a 5-day window for the interpolation, unlike MODIS and Sail-
drone data which refer to a specific acquisition time and day, respectively. As a conse-
quence, the three datasets also have a temporal mismatch with respect to the SST values
they measure: MUR includes only nighttime measurements, and MODIS level-2P SST cor-
responds to a specific time which we tried to be as close as possible to a nighttime meas-
urement to coincide with the MUR SST. However, it was not always possible to find good
MODIS data due to the high cloud contamination problems during this period of the year.
The Saildrone data corresponded to a whole 24 h time window, including both day and
night measurements, with the assumption that SST variations measured by the sensor
within a day are negligible.

4.5. Assessment of the MODIS Quality Levels and the MUR Interpolation

Regarding the assessment of the characterization of the quality levels of the MODIS
products, the characterization of the bad-quality pixels is generally accurate. As can be
seen from the analysis of the SST and the gradients, pixels characterized as bad-quality
pixels during the production of the level-2 MODIS product are indeed bad pixels/values
and are correctly excluded from the production of the gridded SST maps. These areas
consisting mainly of bad pixels are those close to the coast, and therefore we can conclude
that the characterization of the MODIS quality level seems to be valid in areas close to the
coast that are covered by clouds. This result confirms the low quality of MODIS level-2
data that we can obtain in coastal areas due to factors such as cloud cover and erroneous
atmospheric correction [35].

The results for the medium and good-quality trajectories imply that some pixels have
been misclassified as medium or good-quality pixels when they appear to correspond to
bad-quality pixels. Conversely, some pixels have been classified as bad-quality when they
appear to correspond to medium or good-quality pixels. As a result, they are erroneously
included or excluded in the production of the gridded SST maps, respectively, during the
processing of the MODIS level-2 products. Furthermore, the misclassification of some pix-
els as “bad-quality pixels” results in data loss and interpolation for the creation of the SST
maps in pixel areas that is not needed. Therefore, the interpolation to produce the level-4
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MUR product contains errors which can explain the increased RMSE and MAE values for
the MUR in some good and medium-quality trajectories. This inaccurate interpolation in
some pixels indicates that the level-2 MODIS product may be more accurate than the cor-
responding level-4 MUR, even though the former is a level-2 dataset in a primary data
processing step with some sources of error not yet removed. In addition, the process of
assigning quality levels to each pixel is an area of ongoing research.

An interesting potential study which was not investigated in this study is the assess-
ment of the quality levels relevant to the distance from the coast.

4.6. Comparing Both Gradient Approaches

The use of a larger pixel window around the Saildrone trajectory within the kriging-
based approach was made to avoid using only the pixels within the Saildrone trajectory
and to have a better representation of the area around the trajectory. Using only the pixels
within the trajectory and considering that the Saildrone trajectories may contain shifts due
to the wind (see Section 4.3), inaccuracies in the x and y coordinates can lead to incorrect
estimates of gradients using Formula (1). In fact, the results of the kriging-based approach
are more promising, as they generally show lower RMSE values for the MODIS products
than the results of the pixel-based approach.

In addition, the kriging interpolation method is useful because the Saildrones are
mainly launched near the coast and therefore there is a lack of data far away from the
coast. By interpolating the SST sampled Saildrone values in areas away from the coast, we
“generate” in situ data in areas where we do not yet have Saildrones deployments. This
allows us to produce new datasets for the validation of satellite products, with the high
spatial and temporal resolution of Saildrones. Our work can also indicate to future re-
searchers where are the areas that need to be validated in more detail and therefore where
in situ instruments need to be deployed. Such areas appear to be those far away from the
coast. For the areas close to the coast, we have shown that the quality of level-2 MODIS is
very low (very high or complete cover from bad pixels) and that the characterization of
the quality levels of MODIS is already generally accurate.

More advanced interpolation approaches, such as taking into account correlations
between Saildrone and satellite products could be further explored in future work.

The methods used in this study can also be applied to other study areas as well. Our
study provides a basis for investigating the magnitude of phenomena such as coastal
upwelling, especially with the integration of additional parameters such as chlorophyll-a
provided by satellites and Saildrones. Additionally, our study was focused on the summer
months, so it could be interesting to replicate our work during the winter months when
the cloud cover is potentially lower and we, therefore, expect level-2 MODIS SST data of
better quality.

5. Conclusions

From the comparisons between Saildrone and satellite products using the pixel-
based SST approach, from all the trajectories we derived a mean RMSE of 0.86 and 4.64 K
for MUR and MODIS respectively (excluding the outlier). From the gradient approaches,
we derived a mean RMSE of 0.19 and 0.84 K/km for MUR and MODIS for the pixel-based
approach, and a mean RMSE of 0.23 and 0.71 K/km for MUR and MODIS for the kriging-
based approach. These results for MUR are promising considering the results of previous
studies and the influence of the dynamics of the coastal upwelling over the California
Coast. The results for MODIS show rather high inaccuracies compared to the correspond-
ing MUR products and other studies over different study areas. The high inaccuracies for
MODIS deriving from our study highlight the poor-quality of MODIS level-2 data near
the coast, especially during summer.

Our comparisons with Saildrone data also showed that for the bad-quality trajecto-
ries the MUR interpolated product was more accurate than the MODIS. For the medium
and good-quality trajectories, MUR was generally more accurate than MODIS, with some



Remote Sens. 2023, 15, 2277 17 of 19

exceptions. These exceptions reveal possible inaccuracies within the processes of charac-
terizing the quality level of MODIS pixels and the interpolation process for producing the
MUR level-4 gridded product.

The pixel-based gradient approach gave similar results to the kriging-based ap-
proach, with the kriging-based approach being more accurate in terms of RMSE for
MODIS. Kriging interpolation is an approach to generate SST data in areas where Sail-
drone deployments are still lacking, and to indicate where future campaigns should be
conducted. The latter is important as more data acquisitions away from the coast are
needed to better validate the satellite products.

The characterization of MODIS quality levels appears to be generally valid for the
bad-quality pixels especially in coastal areas, but less valid for the medium and bad-qual-
ity pixels. Further research on the assessment of the MODIS quality levels is needed, for
example in relation to distance from the coast.

Considering all the above-mentioned results, the Saildrone technology proved to be
efficient in validating ocean satellite products due to its high spatial and temporal sam-
pling capabilities compared to traditional in situ measurement techniques. This current
study shows that high spatiotemporal in situ data can be successfully used to validate
ocean SST products, both for pixel-level SST values and SST gradients. There are promis-
ing areas for further research, such as the use of Saildrone data to detect sub-pixel SST
variations and to downscale satellite products using machine learning techniques.

Author Contributions: K.K.: Methodology; Software; Validation; Investigation; Data curation; Writ-
ing-Original draft. P.B.: Conceptualization; Writing-review and editing; Supervision; Project admin-
istration; Funding acquisition. ].V.-C.: Conceptualization; Methodology; Writing-review and edit-
ing; Supervision; Project administration. All authors have read and agreed to the published version
of the manuscript.

Funding: The project was supported through a Fonds de donations grant from the University of
Neuchatel. Kalliopi Koutantou and Philip Brunner were supported by the University of Neuchatel
and Jorge Vazquez-Cuervo from NASA Jet Propulsion Laboratory, California Institute of Technology.

Data Availability Statement: All the satellite data is accessible through NASA's Physical Oceanog-
raphy Distributed Active Archive Center (PO.DAAC). The Saildrone data can be accessed here:
https://data.saildrone.com (accessed on 1 June 2022).

Acknowledgments: The research was carried out at the Jet Propulsion Laboratory, California Insti-
tute of Technology, under a contract with the National Aeronautics and Space Administration
(8ONMO0018D0004). The authors would like to thank Philippe Renard and Julien Straubhaar for their
assistance in the geostatistical simulations.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

O’Carroll, A.G.; Armstrong, E.M.; Beggs, H.M.; Bouali, M.; Casey, K.S.; Corlett, G.K.; Dash, P.; Donlon, C.J.; Gentemann, C.L.;
Hoyer, J.L; et al. Observational Needs of Sea Surface Temperature. Front. Mar. Sci. 2019, 6, 420.
https://doi.org/10.3389/fmars.2019.00420.

Ashfaq, M.; Skinner, C.B.; Diffenbaugh, N.S. Influence of SST biases on future climate change projections. Clim. Dyn. 2011, 36,
1303-1319. https://doi.org/10.1007/s00382-010-0875-2.

Emery, W.J.; Baldwin, D.].; Schliissel, P.; Reynolds, R.W. Accuracy of in situ sea surface temperatures used to calibrate infrared
satellite measurements. ]. Geophys. Res. Ocean. 2001, 106, 2387-2405. https://doi.org/10.1029/2000jc000246.

Merchant, C.J.; Embury, O.; Bulgin, C.E.; Block, T.; Corlett, G.K.; Fiedler, E.; Good, S.A.; Mittaz, J.; Rayner, N.A.; Berry, D.; et al.
Satellite-based time-series of sea-surface temperature since 1981 for climate applications. Sci. Data 2019, 6, 223.
https://doi.org/10.1038/s41597-019-0236-x.

Vazquez-Cuervo, J.; Garcia-Reyes, M.; Gémez-Valdés, J. Identification of Sea Surface Temperature and Sea Surface Salinity
Fronts along the California Coast: Application Using Saildrone and Satellite Derived Products. Remote Sens. 2023, 15, 484.
https://doi.org/10.3390/rs15020484.

Gruber, N.; Lachkar, Z.; Frenzel, H.; Marchesiello, P.; Miinnich, M.; McWilliams, ].C.; Nagai, T.; Plattner, G.-K. Eddy-induced
reduction of biological production in eastern boundary upwelling systems. Nat. Geosci. 2011, 4, 787-792.
https://doi.org/10.1038/ngeo01273.



Remote Sens. 2023, 15, 2277 18 of 19

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

32.

Cao, M.; Mao, K;; Yan, Y.; Shi, J.; Wang, H.; Xu, T.; Fang, S.; Yuan, Z. A New Global Gridded Sea Surface Temperature Data
Product Based on Multisource Data. Oceanogr. Phys. 2021, 13, 2111-2134. https://doi.org/10.5194/essd-2021-6.

Clemesha, R.E.S.; Gershunov, A.; Iacobellis, S.F.; Williams, A.P.; Cayan, D.R. The northward march of summer low cloudiness
along the California coast. Geophys. Res. Lett. 2016, 43, 1287-1295. https://doi.org/10.1002/2015g1067081.

Tacobellis, S.F.; Cayan, D.R. The variability of California summertime marine stratus: Impacts on surface air temperatures. J.
Geophys. Res. Atmos. 2013, 118, 9105-9122. https://doi.org/10.1002/jgrd.50652.

Minnett, P.; Alvera-Azcarate, A.; Chin, T.; Corlett, G.; Gentemann, C.; Karagali, I.; Li, X.; Marsouin, A.; Marullo, S.; Maturi, E.;
et al. Half a century of satellite remote sensing of sea-surface temperature. Remote Sens. Environ. 2019, 233, 111366.
https://doi.org/10.1016/j.rse.2019.111366.

Guan, L.; Kawamura, H. SST Availabilities of Satellite Infrared and Microwave Measurements. |. Oceanogr. 2003, 59, 201-209.
https://doi.org/10.1023/a:1025543305658.

Liu, Y.; Chin, T.M.; Minnett, P.J. Sampling errors in satellite-derived infrared sea-surface temperatures. Part II: Sensitivity and
parameterization. Remote Sens. Environ. 2017, 198, 297-309. https://doi.org/10.1016/j.rse.2017.06.011.

Stammer, D.; Wentz, F.; Gentemann, C. Validation of Microwave Sea Surface Temperature Measurements for Climate Purposes.
J. Clim. 2003, 16, 73-87. https://doi.org/10.1175/1520-0442(2003)016<0073:vomsst>2.0.co;2.

Wentz, F.J.; Gentemann, C.; Smith, D.; Chelton, D. Satellite Measurements of Sea Surface Temperature Through Clouds. Science
2000, 288, 847-850. https://doi.org/10.1126/science.288.5467.847.

Alerskans, E.; Hoyer, ].L.; Gentemann, C.; Pedersen, L.T.; Nielsen-Englyst, P.; Donlon, C. Construction of a climate data record
of sea surface temperature from passive microwave measurements. Remote Sens. Environ. 2020, 236, 111485.
https://doi.org/10.1016/j.rse.2019.111485.

Atkinson, C.P.; Rayner, N.A.; Roberts-Jones, J.; Smith, R.O. Assessing the quality of sea surface temperature observations from
drifting buoys and ships on a platform-by-platform basis. |. Geophys. Res. Ocean. 2013, 118, 3507-3529.
https://doi.org/10.1002/jgrc.20257.

Castro, S.L.; Wick, G.A.; Steele, M. Validation of satellite sea surface temperature analyses in the Beaufort Sea using UpTempO
buoys. Remote Sens. Environ. 2016, 187, 458-475. https://doi.org/10.1016/j.rse.2016.10.035.

Moteki, Q. Validation of satellite-based sea surface temperature products against in situ observations off the western coast of
Sumatra. Sci. Rep. 2022, 12, 92. https://doi.org/10.1038/s41598-021-04156-0.

Hansen, D.V.; Poulain, P.-M. Quality Control and Interpolations of WOCE-TOGA Drifter Data. ]. Atmos. Ocean. Technol. 1996,
13, 900-909. https://doi.org/10.1175/1520-0426(1996)013<0900:qcaiow>2.0.co;2.

Xu, F.; Ignatov, A. In situ SST Quality Monitor (iQuam). . Atmos. Ocean. Technol. 2014, 31, 164-180. https://doi.org/10.1175/jtech-
d-13-00121.1.

Chin, T.M.; Milliff, R.F.; Large, W.G. Basin-Scale, High-Wavenumber Sea Surface Wind Fields from a Multiresolution Analysis
of  Scatterometer  Data. ]  Atmos. Ocean.  Technol. 1998, 15, 741-763.  https://doi.org/10.1175/1520-
0426(1998)015<0741:bshwss>2.0.co;2.

Chin, T.M.; Vazquez-Cuervo, J.; Armstrong, E.M. A multi-scale high-resolution analysis of global sea surface temperature. Re-
mote Sens. Environ. 2017, 200, 154-169. https://doi.org/10.1016/j.rse.2017.07.029.

Lantuéjoul, C. Geostatistical Simulation. 2002. Available online: https://link.springer.com/book (accessed on 18 October 2022).
Huyer, A. Coastal upwelling in the California current system. Prog. Oceanogr. 1983, 12, 259-284. https://doi.org/10.1016/0079-
6611(83)90010-1.

Xiu, P.; Chai, F.; Curchitser, E.N.; Castruccio, F.S. Future changes in coastal upwelling ecosystems with global warming: The
case of the California Current System. Sci. Rep. 2018, 8, 2866. https://doi.org/10.1038/s41598-018-21247-7.

Gentemann, C.L.; Meissner, T.; Wentz, F.J. Accuracy of Satellite Sea Surface Temperatures at 7 and 11 GHz. IEEE Trans. Geosci.
Remote Sens. 2010, 48, 1009-1018. https://doi.org/10.1109/tgrs.2009.2030322.

Vazquez-Cuervo, ].; Gomez-Valdes, J.; Bouali, M.; Miranda, L.E.; Van der Stocken, T.; Tang, W.; Gentemann, C. Using Saildrones
to Validate Satellite-Derived Sea Surface Salinity and Sea Surface Temperature along the California/Baja Coast. Remote Sens.
2019, 11, 1964. https://doi.org/10.3390/rs11171964.

Vazquez-Cuervo, ].; Castro, S.L.; Steele, M.; Gentemann, C.; Gomez-Valdes, J.; Tang, W. Comparison of GHRSST SST Analysis
in the Arctic Ocean and Alaskan Coastal Waters Using Saildrones. Remote Sens. 2022, 14, 692. https://doi.org/10.3390/rs14030692.
Vazquez-Cuervo, J.; Gomez-Valdes, J.; Bouali, M. Comparison of Satellite-Derived Sea Surface Temperature and Sea Surface
Salinity Gradients Using the Saildrone California/Baja and North Atlantic Gulf Stream Deployments. Remote Sens. 2020, 12,
1839. https://doi.org/10.3390/rs12111839.

Vazquez-Cuervo, J.; Torres, H.S.; Menemenlis, D.; Chin, T.; Armstrong, E.M. Relationship between SST gradients and upwelling
off Peru and Chile: Model/satellite data analysis. Int. J. Remote Sens. 2017, 38,  6599-6622.
https://doi.org/10.1080/01431161.2017.1362130.

Qin, H.; Chen, G.; Wang, W.; Wang, D.; Zeng, L. Validation and application of MODIS-derived SST in the South China Sea. Int.
J. Remote Sens. 2014, 35, 11-12. https://doi.org/10.1080/01431161.2014.916439.

Abhishek, P.; Sil, S. Validation of Multi-Scale Ultra-High Resolution (MUR) Sea Surface Temperature with Coastal Buoys Ob-
servations and Applications for Coastal Fronts in the Bay of Bengal. In Proceedings of the 2019 URSI Asia-Pacific Radio Science
Conference (AP-RASC), New Delhi, India, 9-15 March 2019; pp. 1-4. https://doi.org/10.23919/ursiap-rasc.2019.8738356.



Remote Sens. 2023, 15, 2277 19 of 19

33. Ghanea, M.; Moradi, M.; Kabiri, K.; Mehdinia, A. Investigation and validation of MODIS SST in the northern Persian Gulf. Adv.
Space Res. 2016, 57, 127-136. https://doi.org/10.1016/j.asr.2015.10.040.

34. Jia, C; Minnett, P.J.; Luo, B. Significant Diurnal Warming Events Observed by Saildrone at High Latitudes. J. Geophys. Res.
Ocean. 2022, 128, €2022]C019368. https://doi.org/10.1029/2022jc019368.

35. Mouw, C.B.; Greb, S.; Aurin, D.; DiGiacomo, P.M.; Lee, Z.; Twardowski, M.; Binding, C.; Hu, C.; Ma, R.; Moore, T.; et al. Aquatic
color radiometry remote sensing of coastal and inland waters: Challenges and recommendations for future satellite missions.
Remote Sens. Environ. 2015, 160, 15-30. https://doi.org/10.1016/j.rse.2015.02.001.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



