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Abstract :

Sea Surface Temperature (SST) maps are necessary for managing marine resources in a climate change
context, but are lacking for most of the 598 world's atolls. We assessed the feasibility of using the Landsat-
8 (L8) satellite to infer SST maps for four French Polynesia atolls of aquaculture interest in Tuamotu
Archipelago, namely Takaroa, Raroia, Tatakoto, and Reao. Specifically, we (1) used sensors to measure
in situ the range of spatial temperature differences recorded in these four atoll lagoons; (2) calibrated and
assessed the performances of SST algorithms to estimate lagoon temperature from L8 signals; (3)
generated temperature maps for the lagoons and compared spatial patterns of temperature obtained from
these maps with patterns highlighted by in situ sensors. Good agreements between satellite and in situ
temperature data were obtained, with better results achieved when using an atoll-by-atoll optimization
(average bias = -0.26 °C; RMSE = 0.55 °C). However, we also show that the range of temperature inside
atoll lagoons is low, and of the same order of magnitude than RMSE achieved with SST algorithms.
Because of the L8 overpass time (~9 a.m.) and the revisit time (16 days), L8 SST could not capture the
entire range of spatial differences measured in situ in the four lagoons, but could capture spatial gradients
and fronts better than with few in situ sensors. Considering the achieved accuracies and the actual
temperature differences at the four study sites, we discuss the usefulness of L8 derived SST maps to
assist fishery and aquaculture management in atoll lagoons, as well as the possible generalization to
other lagoons.
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Highlights

» Landsat SST and in situ temperature are in good agreement in four atoll lagoons. » Landsat captured
SST spatial gradients much better than sparse in situ loggers. » Landsat products can serve physical
models, sampling strategy, and spatial planning.
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1. Introduction

Sea surface temperature (SST) is a fundamental variable for understanding physical and
biological processes and informing management (O’carroll et al., 2019 ; Melet et al., 2020). In
the context of global warming, mapping temperature is necessary information for managing
marine environments and resources on the long run, for instance to inform aquaculture site
selection (Palmer et al., 2020), identify temperature fronts of ecological and fishery relevance
(Belkinetal., 2021), delimiting the productive habitats of exploited wild stocks (Klemas, 2013),
mapping refugia and areas of high mortality risk for important species (Eladawy et al., 2022),

or informing marine spatial planning scenarios (Petrosillo et al., 2023).

In the Pacific Ocean, atoll lagoons are home to activities dependent on a variety of wild marine
resources (e.g., mariculture, fishing). The sustainability of these activities is in particular
challenged by global warming and episodes of marine heat waves (Bell et al., 2011; Andréfouét
et al., 2018). In these ecosystems, temperature can vary substantially at scales < 100 m between
geomorphological zones, due to the differences in heat fluxes at the atmosphere-water interface,
differences in substrate composition and depth which affect or amplify fluxes through their
albedo, and the advection powered by tide and wave-driven currents (McCabe et al., 2010;
Grimaldi et al., 2023). Notably in small and enclosed atoll lagoons, the combined effect of these
factors can deviate significantly lagoon temperature from the surrounding ocean (Van

Wynsberge et al., 2017).



In the Tuamotu archipelago, French Polynesia, maps of temperature inside lagoons have been
produced by spatial interpolation or modelling, but only for a couple of atolls, mainly to inform
temperature-dependant biological models (Dumas et al., 2012; Thomas et al., 2016). However,
spatially-explicit temperature products representative of thermal conditions experienced by
marine resources are requested by local managers to identify the most suitable areas for safely

rearing aquaculture species and plan for the conservation of important species.

Recording temperature data in a spatially explicit manner using in situ sensors is possible but
costly and complicated in remote and difficult-to-access lagoons owing in particular to the
necessary periodic visits for logger maintenance. As a result, in situ sensors can be used to
measure temperature at specific locations, but can rarely be deployed in sufficient numbers and
over sufficiently long periods to characterize the diversity of thermal habitats in space
(longitude, latitude, depth) and time (but see Grimaldi et al., 2023 or Bruyeére et al., 2023a;
Bruyére et al., 2024). These scattered in situ measurements can provide time series at specific
points, but cannot offer a spatially continuous view with precise information on temperature
fronts at an appropriate resolution (< 1km). The use of high-resolution 3D hydrodynamic
models for lagoons can produce precise temperature maps at high temporal resolution (Dumas
et al., 2012), but setting up such models is complex and, besides the bathymetry, they also
require a number of calibration/validation in situ data also difficult to acquire in remote atolls
(Dumas et al., 2012, Andréfouét et al., 2023, Bruyere et al., 2023a; 2023b; 2024). As a result,

3D hydrodynamical models are available only for four French Polynesia lagoons to date (Ahe,



Takaroa, Raroia and Gambier) and cannot be used routinely to generate temperature products
elsewhere for every exploited lagoons. On the other hand, daily SST remote sensing Level-4
products deliver gridded SST data at global (e.g., OSTIA; MUR; G1SST; see Dash et al., 2012
for a review) or regional (e.g. RAMSSA; Beggs et al., 2011) scales. One-kilometre-resolution
satellite-derived SST data from various instruments, such as Moderate-Resolution Imaging
Spectroradiometer (MODIS) and Advanced Very-High-Resolution radiometer (AVHRR) are
ingested by these Level-4 SST products. Assuming some validation and correction are applied
(Van Wynsberge et al., 2017 ; Van Wynsberge et al., 2020 ; Grimaldi et al., 2023), these
products can be helpful for studying lagoon temperature. However, due to resampling and
interpolation methods, the true resolution is lower (Chin et al., 2017) and appears inadequate
for many lagoons. Swath Level-1 1km SST products from infrared sensors does not suffer from
aggregation or interpolation smoothing, but their resolution is too coarse to capture fine scale
patterns in the very nearshore areas and are not adequate for small closed or semi-closed water
bodies due to the proximity of land. In order to fill these gaps, a suitable candidate is the Landsat
Mission run by the Earth Observation Program of the National Aeronautics and Space
Administration (NASA) and by the United States Geological Survey (USGS), from Landsat-4
(1982-1993) to Landsat-8 (L8; 2013 to present) (Xing et al., 2006; Baughman & Conaway,

2021).

L8 satellite images have shown good results for mapping SST at fine scale in coastal

environments open to the ocean (Syariz et al., 2015; Jang and Park, 2019; Susilo et al., 2019;



Vanhellemont, 2020; Vanhellemont et al., 2022; Bradtke, 2021) as well as bays, channels,
estuaries (Wang et al., 2016; Snyder et al., 2017; Trinh et al., 2017; Mondejar and Tongco,
2019), macrotidal flats (Lee et al., 2022), and rivers (Baughman & Conaway, 2021). The L8
infrared spectral bands 10 (11 pum) and 11 (12 pm) can provide SST with a spatial resolution of
100m (resampled at 30m in the delivered product) and a revisit time of 16 days. The process
requires the calibration of an empirical relationship between temperature recorded in the field
and the Bands 11 and 12 infrared signals, sometimes coupled with large-scale daily SST
products (Minnett et al., 2019; Jang & Park, 2019). However, the errors associated to these SST
estimates vary greatly in the literature, from a RMSE lower than 0.03°C for a case study based
on a single image in Indonesia (Syariz et al., 2015) to 2.25°C for an Alaska river studied with
numerous images (Baughman & Conaway, 2021). The identified factors that influence the
accuracy of SST retrievals include the type of algorithms and the methods used for their
optimisation, but also the environmental conditions or site-specific parameters at the time of

image acquisition (e.g., cloud cover, wind speed, as discussed in Jang and Park, 2019).

For atolls and their lagoon environments, the ability of SST algorithms to represent temperature
accurately enough to be useful for marine resource management remains unclear. Indeed, atoll
lagoons have a number of specific features that can affect the retrieval of accurate SST using
L8 images. First, atoll lagoons are usually dotted by small emerged and intertidal structures
(e.g., lagoon pinnacles and patch reefs, Andréfouét et al., 2020) that may impact an accurate

retrieval. Second, temperature variation in atoll lagoons are strongly dependent on



geomorphology, lagoon shapes, and their degree of local confinement, so that temperature high

and lows are often encountered on lagoon extremities that are typically more confined. Also,

temperature gradients are more pronounced when approaching atoll passes and shallow

channels where tide or wave-driven inflows of ocean water occur. However, inside the French

Polynesia lagoons, the reported horizontal temperature variability at any given moment is

generally of the order of less than one degree at most (Dumas et al., 2012; Bruyere et al., 2023a),

hence much lower than the range reported in most other L8 derived SST studies (Jang and Park,

2019; Vanhellemont, 2020; Bradtke, 2021; Wang et al., 2016; Snyder et al., 2017; Lee et al.,

2022; Baughman & Conaway, 2021; Twumasi et al., 2021). On the other hand, clouds might

be less problematic above Tuamotu atoll lagoons compared to high islands owing to the low

topography of atolls (Barnes et al., 2016), which could be an advantage for SST mapping by

remote sensing.

With all the aforementioned constraints and features in mind, we aim here to : (1) use in situ

sensors to measure in situ the range of spatial temperature differences recorded in four atoll

lagoons of aquaculture interest in French Polynesia; (2) calibrate and assess the performances

of SST algorithms to estimate lagoon temperature from L8 infrared signals; (3) generate

temperature maps for the lagoons and compare spatial patterns of temperature obtained from

these maps with patterns highlighted by in situ sensors. Finally, considering the achieved

accuracies and the actual temperature differences at the four study sites, we discuss the



usefulness of L8 derived SST maps to assist fishery and aquaculture management in atoll

lagoons, as well as possible generalization to other lagoons.

2. Material and methods

2.1 Study sites

The Tuamotu archipelago, French Polynesia, includes one tenth of the 598 world's atolls
(Andréfouét and Paul, 2023). Seasonal variability of temperature is low in this archipelago,
with oceanic SST ranging from 25°C in August to 29°C in March (monthly climatology values,
Heron et al., 2015). Temperature inside atoll lagoons may display a higher seasonal variability
depending on lagoon geomorphology and water renewal (Van Wynsberge et al., 2017; 2020).
Oceanic tidal variation is also low in the Tuamotu archipelago (maximum level variation <1 m
during spring tide, and 20-30 cm in mean; Aucan et al., 2021; Van Wynsberge et al., 2017).
Tidal range inside semi-closed to semi-open lagoons is even lower than oceanic tidal range due
to the limited apertures allowing water transfer between ocean and lagoon (Aucan et al., 2021).
Beyond the effect of tide, water level inside atoll lagoons may rise or fall depending on offshore
wave conditions, but variations in lagoon water level typically remain below 1 m (i.e.: Varillon
et al., 2019; Aucan et al., 2021; Andréfouét et al., 2023), except during the strongest swell
events (Canavesio, 2019). In terms of wind regimes at the scale of the archipelago, moderate

eastern winds (4.4 m s in average) dominate all year long, but low wind from the North-East



occur during the warm season, as well as strong wind from East-South-East (6.3 m s) during

the cool period (Dutheil et al., 2020).

This study focuses on four atoll lagoons which are of aquaculture interest in the Tuamotu
archipelago, namely Tatakoto, Reao, Takaroa, and Raroia (Fig. 1). Spat collection and rearing
of the giant clam (Tridacna maxima) take place in Tatakoto and Reao (Wabnitz & Remoissenet,
2012), but these activities have been affected by bleaching events in 2016 and 2017 triggered
by unusually high SST (Andréfouét et al., 2018). Takaroa and Raroia are two black pearl-
farming lagoons, based on spat collection, grafting and rearing of the black-lipped oyster
Pinctada margaritifera. This lucrative activity has collapsed in Takaroa following a dystrophy
phenomenon that occurred in 2013 (Rodier et al., 2019). Nevertheless, this atoll remains of high
interest to monitor its recovery (Monaco et al., 2021), as atolls have shown variations of their

pearl farming potential at decadal scales.

The rim surrounding the lagoons of Tatakoto (11.46 km?) and Reao (44.1 km?) are closed by
land in their northern parts, but exchanges between lagoon water and the ocean are possible
through shallow channels (locally called hoa) that segment the southern part of their rim. These
two atolls can be qualified as semi-closed atolls. Reao is made of three lagoonal basins which
get larger from north to south. Takaroa lagoon (90 km?) is considered semi-open due to a narrow
but deep pass and the presence of hoa on both northwest and south sections of the rim. Finally,
Raroia lagoon is the largest of our study sites (359 km?) and the more open to ocean due to the

presence of a deep pass and a rim segmented by numerous hoa, including a very wide one in



the south (Aucan et al., 2021). The maximum depth are 68 m and 48 m, respectively for Raroia

and Takaroa (Andréfouét et al., 2020), and 32 m in Reao (unpublished data), and probably <

30 m at Tatakoto, although not yet quantified.

2.2 Insitu temperature data

Lagoon temperatures were recorded every 10 to 60 minutes with good accuracy (< 0.05 °C)

and stability using 16 loggers (TWR2050, Duet, and Duo from RBR®; SBE56 from Seabird

Scientific®; Sambat from NKE instrumentation®) deployed at certain period during the 2012-

2023 period, at Tatakoto (n = 3), Takaroa (n = 4), Raroia (h = 5), and Reao (n = 10; Fig. 1;

Table 1). All loggers were deployed between 1 and 4 m depth, and were preferentially deployed

in areas exposed to distinct thermal regimes inside lagoons owing to previous knowledge

(Takaroa, Tatakoto) or they were deployed as systematically as possible to capture this

variability (Raroia, Reao; Fig. 1). Having sensors located at slightly different depths below the

air-water interface (1-4 m depth) was deemed adequate in the context of this study because

vertical stratification of temperature in these lagoons is null or negligible at the hours of L8

overpass (i.e., between 09:07 AM and 09:45 AM depending on atolls; Fig. A7 and AS8).

Moreover, temperature at 1-4 m depth is more representative of the conditions experienced by

exploited organisms than skin-temperature, and is therefore more relevant for fisheries and

aquaculture applications.

At Tatakoto, TAT1 and TAT2 loggers were located in the West and East extremities of the

lagoon respectively, while the third logger (TAT3) was located in the southern inner slope.
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At Takaroa, TAK1 and TAK3 were both located on the South-West inner slope of the rim,
whereas TAK2 was located near the narrow pass and TAK4 on a lagoon patch reef near the

lagoon center.

At Raroia, RAR7 and RARS were located on patch reefs at proximity of the inner slope, while
RAR4, RARS5, and RARG6 were located on central lagoon patch reefs, respectively located in
the North, middle, and South parts of the lagoon. Deployments at Raroia were performed at
three different depths before, during, and after the MALIS 1 and 2 oceanographic cruises
(Andréfouét, 2018, Bruyeére et al., 2023a), but only those between 1.5m and 2.5m were used

for this study.

Finally, at Reao, the sampling strategy was more extensive and could cover lagoon patch reefs
located in the north, middle, and south part of the lagoon (REA10, REA11 REA2, REAL,
REA9, REAS and REA4), the inner slope of the emerged rim (REAS), the reef flats of the open

rim (REAT), and the shallow sandy terrace located near the closed rim (REA®G).

We defined as “positive gradient in the lagoon length” an increasing temperature (difference in
hourly mean temperature > 0.1°C) recorded between RAR4, RARS5 and RARG6 at Raroia,
between TAK1 and TAKS at Takaroa, between REA2, REA9 and REAS at Reao, and between
TAT2, TAT3 and TATL1 at Tatakoto, and vice versa for negative gradients. In the lagoons’
width axis, we defined as “positive gradient” an increasing temperature (difference in hourly

mean temperature > 0.1°C) recorded between RAR8, RAR6 and RAR7 at Raroia, between



REA11 and REA10 at Reao, and between TAK1 and TAK2 at Takaroa, and vice versa for

negative gradients.

2.3 Regional satellite SST data

In addition to in situ data, daily temperature estimates from regional SST analysis were required
to calibrate the SST algorithm tested in this study (see section 2.5). For this, SST fields with a
coarse resolution can be used. Specifically, the Multi-scale Ultra-high-Resolution Sea Surface
Temperature product (MUR-SST), which provides daily SST at 0.01 degree (around 1 km)

spatial resolution (Chin et al., 2017; https://podaac.jpl.nasa.gov/dataset/MUR-JPL-L4-GLOB-

v4.1) was chosen since a previous study demonstrated its good performance for estimating SST
at lagoon scale in Raroia (Van Wynsberge et al., 2020). The MUR-SST data were extracted for

the geographic positions of each temperature logger (Table 1).

2.4 Landsat satellite imagery and thermal band quality-control

Level 1 Collection 2 images from the L8 Operational Land Imager and Thermal Infrared Sensor

(OLI/TIRS; https://doi.org/10.5066/P975CC9B) that matched the dates of in situ measurements

of temperature were downloaded using Google Earth Engine® (n = 237 images, all atolls
included). This platform automatizes the download of a collection of cropped images, while
maintaining the original projection, resolution and digitization resolution, here at 16 bits
(Gorelick et al., 2017). L8 satellite data were always acquired between 9:07 and 09:45 local

time at the four study sites, and “matchups” between images and in situ data were defined by
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associating images to the nearest (< 1 hr) measurement. A “matchup” is hereafter defined as a

couple of one in situ data and its concurrent L8 measurement. Hence, for a given L8 image, if

five sensors provide =1 hour concurrent in situ data, then a total of five matchups are

theoretically available.

Thermal infrared bands 10 (11 pum) and 11 (12 pum), provided at 30 m resolution by United

States Geological Survey (USGS), were extracted for each image. Note that these bands are

initially recorded at 100 m resolution by TIRS, but resampled at 30 m resolution on the OLI

grid and orthorectified during the Level 1 image processing (Vanhellemont et al., 2022). To

compare the thermal infrared band with in situ temperature data (section 2.5), only the L8 pixels

intersecting the in situ data positions were used. This procedure was supported by a sensitivity

analysis that compared the agreement between both data sets while changing the window size

considered to extract satellite data around the in situ sensor positions (Fig. Al).

Based on the Quality Assessment (QA) band, only the valid pixels of bands 10 (DN1o) and 11

(DN11) were kept. This quality band identifies pixels contaminated by clouds, cloud shadows,

and emerged vegetation. To avoid problems potentially due to pixel coregistration uncertainty

(1 pixel), a 1-pixel (30 m)-buffer was further added to the QA-masked areas. However, since

the QA Pixel field provided by USGS was found to be insufficiently stringent for our SST

application, and because stripping patterns in the along-track direction affected images due to

a TIRS detector-to-detector mis-calibration (Stumpf et al., 2018;

https://earth.esa.int/eogateway/instruments/tirs/quality-control-reports/products-anomalies), a
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manual image-by-image control was carried out to check pixel quality around the in situ
sensors. Specifically, matchups between satellite and in situ data were retained to inform the
SST-algorithm-optimization protocol (section 2.5) only if i) no cloud could be visually detected
in a 20 pixels buffer surrounding the in situ sensor position, ii) no cirrus, as detected by band 9
following Skakun et al. (2022), affected the pixel at sensor position, and iii) no visually
detectable strips overlapped the in situ sensor. Image stripping detection was performed visually
and a posteriori on the output SST product, and considering strips as drop or rise of SST (~ 0.3
°C or more), over few pixels, with an unrealistic rectilinear shape crossing the whole image
(Fig. A4d). After these quality-checks, 160 matchups could be used to calibrate or validate the
various SST algorithms (see section 2.5). Specifically, the numbers of matchups were 24 for
Takaroa (18 images), 34 for Tatakoto (26 images), 46 for Raroia (13 images), and 56 for Reao

(21 images).

2.5 Satellite-derived-SST calculation

The quality-controlled thermal bands (DN1o and DN11) were converted to top-of-atmosphere
radiance (TOA1o and TOA11), then to ‘Brightness Temperature’ (BT1o and BT11) following the
procedure described by Twumasi et al. (2021) and using the radiometric conversion factors

provided by the USGS image metadata files.

The Non-Linear Sea Surface Temperature (NLSST3) algorithm was used to calculate lagoon
SST from a linear combination of BT10 and BT11 (or their difference), and from the MUR-SST

product, following equation 1 (Jang & Park, 2019).

12



Another algorithm was also tested, namely the Multi-Channel Sea Surface Temperature
(MCSST1) algorithm (Jang & Park, 2019), but the NLSST3 algorithm was ultimately chosen

as it provided better results.

Half of the matchups were used for algorithm calibration and half for validation. In order to
calibrate an algorithm which has similar performance over a wide range of temperature, we
sorted the matchups by date and sampled data for the calibration and validation sets
alternatively, following Kizu and Sakaida (1996). Coefficients a;, a> and az of eq. 1 were
optimized so that NLSST3 reflected best the temperature recorded by in situ sensors in the
calibration dataset of matchups. For this, the Root-Mean-Square-Error (RMSE) was minimized
using the Python Scipy library and the Nelder-Mead optimizer (Luersen & Le Riche, 2004; see
Fig. Al for a sensitivity analysis of results according to the optimizer used), and considering a
panel of initial values randomly set between 0.001 and 5 (1000 iterations). Optimization was
performed individually for each atoll, and for all atolls pooled together. RMSE and bias
associated to each simulation were then calculated, using the validation dataset of matchups

only.

3. Results

3.1. Spatial variability of temperature from in situ sensors

13



Pairwise differences (absolute value) in hourly-averaged temperature recorded by sensors were

slightly higher for Takaroa (0.26°C in mean over all pairwise data available) and Tatakoto

(0.25°C) than for Reao (0.17°C) and Raroia (0.19°C; Table 2). Within each lagoon, differences

occurred from one site to another.

For Raroia, mean and maximal hourly-mean-temperature difference (in absolute value)

between stations were 0.19°C and 1.79°C respectively. In situ temperatures were structured in

space with gradually increasing temperatures from the north (station RAR4) to the south-

western (station RARG6) part of the lagoon. For 42.9% of records, this positive gradient in

temperature along the North-eastward/South-westward axis was present with more than 0.1°C

difference in hourly-mean-temperature between sensors. This spatial structuration in the North-

eastward/South-westward axis occurred more frequently during the warm season (63.1% of

records) than during the cool season (25.0% of records; Fig. 2A). By contrast, a negative

gradient along this North-eastward/South-westward axis was almost never recorded (0.5% of

records). In the lagoon width axis, a positive gradient in temperature (i.e., higher temperature

at RAR7 than RAR6 than RAR8) was predominant (46.0% of records), with more occurrences

during the warm season (Fig. 2E).

At Takaroa, the sensor deployed in the enclosed and shallow basin located in the southern part

of the lagoon (TAKS3) usually recorded higher temperature than other sensors (+0.16°C and

+0.08°C higher for TAK3 than TAK1 and TAK2 respectively, on average across the

measurement period). However, TAK3 was colder during a couple of weeks from May to

14



August in the cool season. Temperature at TAK3 was higher than at TAK1 with more than
0.1°C difference in hourly-mean-temperature for 59.5% of the records, with stronger
occurrence during the warm season (Fig. 2B). Sensor located at TAK2 at proximity of the atoll
pass usually recorded temperature higher than TAK1 during the cool season (56.6% of records
for which difference was higher than 0.1°C), but the opposite was found during the warm season

(61.5% of record; Fig. 2G).

At Reao, temperature recorded by the sensors located on lagoon patch reefs in the northern
basin were more variable than in the southern, wide and deeper, basin. Notably, mean difference
in hourly-mean-temperature of +0.09°C were recorded between REA10 and REA4 during the
warm season, and mean difference of -0.09°C was recorded between these two sensors during
the cool season. On the basis of lagoon patch reef sensors REA2, REA9 and READS, a gradient
in temperature along the lagoon length axis was more often negative (i.e., higher temperature
at REA2 than at REA9 than at REA5) than positive during the warm season (25.8% versus
5.9% of records, respectively), while the reverse was true during the cool season (5.3% versus
15.2% of records, respectively; Fig. 2C). Along the lagoon width axis, higher temperature at
REA10 than at REA11 with more than 0.1°C difference recorded was found for 49.8% of
records (Fig. 2F). In comparison to sensors located on lagoon patch reefs, sensors located on
the inner reef flat (REA7), on the wide sandy and shallow terrace located in the eastern part of
the lagoon (REAG6), and on the inner reef slope (REAS8) displayed higher temperature than other

sensors when the sun was at zenith, and lower temperature than other sensors at night.
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At Tatakoto, the sensor deployed in the enclosed and shallow basin located at the eastern
extremity of the lagoon (TAT2) recorded higher temperature than the other sensors (i.e., +0.12
and +0.23 °C higher for TAT2 than TAT1 and TAT3 respectively, on average across the
measurement period). On the basis of these three sensors, a negative gradient in temperature
was recorded along the lagoon length axis (i.e., higher temperature at TAT2 than at TAT3 than
at TAT1) for 18.7% of records, with more occurrences during days than night, independently

of season (Fig. 2D).

Temperature differences between sensors were usually higher in the afternoon at Tatakoto (Fig.
A2 A). A similar trend was observed at Takaroa, although the daily cycle was less pronounced
than Tatakoto (Fig. A2 B). At Reao and Raroia, differences between sensors were the highest
in the early afternoon and just before sunrise (Fig. A2 C&D). Episodically, significant
differences between some sensors were recorded during several days (night included) to several
weeks (Fig. 3). This includes a November 2013 event in both Tatakoto and Takaroa (Fig. 3A
and 3B), a November 2018 event at Raroia (Fig. 3C), and a November 2022 event at Reao (Fig.
3D). During these periods of stronger horizontal structuration, the maximum temperature
differences recorded between sensors reached 1.36°C, 1.80°C, 1.53°C and 2.4°C for Tatakoto,

Takaroa, Raroia, and Reao, respectively.

Because of the L8 satellite overpass hours (09:07 AM for Reao; 09:15 AM for Tatakoto; 09:31
AM for Raroia; 09:45 AM for Takaroa; local time) and long revisit time between consecutive

images (16 days minimum), differences in temperature between sensors at time of satellite

16



overpasses were lower than recorded at other dates and times (Table 2). Considering only the
matchup data, the maximum temperature differences recorded between in situ sensors were

0.55°C, 1.48°C, 0.88°C, and 0.95°C, for Tatakoto, Takaroa, Raroia, and Reao, respectively.

3.2. Agreement between L8-derived and in situ temperature

Best correspondences (lower bias and RMSE) were obtained when optimization was performed
atoll by atoll (average bias =-0.26°C; RMSE = 0.55°C) instead of for all atolls together (average
bias = -0.30°C; RMSE = 0.60°C; Fig. 4; Table 3). In the best scenario (i.e., atoll-by-atoll
calibration), 70.0% of bias values (in absolute values) were below 0.5°C and 92.5% were below
1.0°C. When optimized atoll-by-atoll, significant differences between atolls in algorithm
performance were noted, with lowest bias and RMSE for Raroia (average bias = -0.01°C;
RMSE = 0.32°C). Highest bias and RMSE were obtained for Takaroa (average bias = -0.60°C;

RMSE = 0.79°C), i.e. the lagoon for which the number of matchups available was the lowest.

The maximum temperature difference between stations, estimated by satellite-derived SST, was
higher for Reao (1.92°C), while it reached 1.63°C, 0.90°C and 0.68°C for Tatakoto, Takaroa

and Raroia respectively (Table 2).

During specific events of high spatial structuration of temperature (e.g., in November 2013 at
Takaroa and Tatakoto, November 2018 at Raroia), L8-derived SST did not adequately
reproduce the observed differences. Notable differences involved stations at proximity of inner

reef slopes, with a 1.16°C overestimation of temperature by L8 at TAT3 on 24" November 2013
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(Fig. 3A), a 0.59°C overestimation at TAK1 on 27" November 2013 (Fig. 3B), and a 0.56°C
overestimation at RARS on 27" November 2018 (Fig. 3C). However, despite these localized
problems, L8-derived SST reproduced well the spatial trends recorded by in situ sensors.
Indeed, in Raroia, the gradual increase from RAR4 to RAR6 which dominates during the warm
season (Fig. 2A) was captured by L8 (Fig. 3C and Fig. 5C). Importantly, L8 also captured the
thermal footprint of Raroia’s reef pass inside the lagoon (Fig. 5C), which could not be captured
by the five in situ sensors. At Takaroa, L8-derived SST adequately estimated higher
temperature in the southern enclosed and shallow basin (Fig. 5A), which is the dominant pattern
in the warm season according to in situ sensors (Fig. 2B). During the cool season, L8 also
captured higher temperature of water around the reef pass (Fig. 5B) in agreement with in situ
records. Interestingly for this period when ocean water is warmer than lagoon water, L8 also
captured warmer water at proximity of hoa, and colder water in the north-eastern end of the
lagoon where the atoll rim is entirely closed (Fig. 5B). Similarly at Tatakoto, lower SST was
found in the south part of the lagoon at proximity of hoa during the warm season (Fig. 5E), and
vice versa during the cool season (Fig. 5F). This gradient in the lagoon width-axis could not be
captured by the three in situ sensors, whose locality of deployment only allowed the assessment
of trends in the lagoon length-axis. Finally at Reao, the negative temperature gradient in the
lagoon length axis (i.e., higher temperature in the northern basin than in the middle than in the
southern basin), occurring more frequently during the warm season (Fig. 2C), was captured by

L8 (Fig. 5G and 5H). Along the lagoon width-axis, the two types of gradients (either positive
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or negative; Fig. 2F) could also be captured by L8 (Fig. 5G and 5H). The spatial extrapolation
provided by L8 further highlighted lower temperature at proximity of hoa when gradient was

negative (Fig. 5G), and vice versa when gradient was positive (Fig. 5H).

4. Discussion

4.1.Validity and interest of SST algorithms to characterize atoll lagoons

In this study, we demonstrate that the specificities of atoll lagoons do not prevent using L8
imagery for SST retrievals. Indeed, the quality of the relationship between satellite derived SST
and in situ temperature were satisfying, and RMSE were of the same order of magnitude as in
other L8 studies performed elsewhere in the world (Susilo et al., 2019; Jang and Park, 2019;
Baughman and Conaway, 2021; Bradtke, 2021). Lower RMSE was found in Indonesia (Syariz
et al., 2015), but for a study that focused on a single image. Here, Raroia provided the best
relationship and Takaroa the poorest. This may be explained by the fact that Raroia was
instrumented with five sensors during a short period of time (46 matchups concentrated on 13
satellite images) whereas Takaroa was instrumented with three sensors during a longer period
of time (24 matchups dispersed on 18 satellite images). Thus, the algorithm performances seem

dependant on the number of matchups available relative to the number of L8 images used.

The range of temperature inside lagoons is relatively narrow, which may limit the interest of a
systematic operationalization of SST algorithms. Indeed, this range was of the same order of

magnitude as the RMSE achieved with SST algorithms, except during specific events of high
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horizontal structuration. It is worth pointing out that L8-derived SST only partially captured the
range of variability that could be measured in the field (Table 2). This can be explained by first,
the satellite's time of overpass (between 09:07 AM and 09:45 AM) that miss the time of day
when SST differences were the highest. Second, the revisit time of L8 did not allow capturing
the events during which temperature spatial gradients were the most pronounced. L8 derived
SST nevertheless succeeded in capturing the main gradients inside lagoons, and highlighted
spatial patterns that went unnoticed by in situ sensors and the MUR SST product, like the
incoming jet of the Raroia pass or the lowest temperature in the Northeastern end of Takaroa’s

lagoon during the cool season (Fig. 5; Fig. A6).

Another important specificity of atoll lagoons are the differences in temperature that can be
encountered over small distances due to geomorphological limits, and notably between deeper
lagoons and shallow reef flats (Grimaldi et al., 2023; McCabe et al., 2010). Differences between
L8 derived SST and in situ temperature were the highest for the stations at proximity of inner
slopes (e.g., station TAT3, TAK1, RARS in Fig. 3). Indeed, near the lagoon slope L8 pixels
may include part of the signal emitted by warmer water coming from the reef flats, while in situ

sensors did not.

Here, we also showed that a L8-based temperature study can characterize well the lagoon-ocean
differences. Van Wynsberge et al., (2017; 2020) have quantified with global SST products and
in situ data how the lagoon is warmer than the ocean in the warm season and cooler in the cool

season. These patterns are also detectable with L8 (see Fig. A4), although we could not here
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compare with in situ sensors located outside the lagoon. These patterns could not be captured

by MUR SST for the three smallest lagoons studied here (i.e., Tatakoto, Reao, and Takaroa ;

Fig. AG6). Although the characterization of the differences between lagoon and ocean

temperatures was outside the primary objective of this study, this finding supports the validity

of using L8 thermal products to study the atoll lagoons environment.

4.2.Potential improvements for further optimisation of SST algorithms

First, many images in the L8 archive were affected by clouds, which strongly limited the

applicability of SST algorithms. Cloud identification and masking is mandatory for SST

retrievals, and while cloud filters do exist and can be applied (Zhu and Woodcock, 2012 ; Foga

et al., 2017; Chai et al., 2019), they are known to be of insufficient efficacy for accurate SST

retrievals, notably near oceanic thermal fronts, near cloud edges, or when hard-to-detect cirrus

or stratus clouds are present (Minnett et al., 2019 ; Skakun et al., 2022). Improving cloud

masking in SST product, especially in coastal areas, is a priority identified in O’Carroll et al.

(2019). Here, we performed a manual check to avoid any additional bias, and similar approach

could be recommended elsewhere. Specifically developing a cloud masking analytical

procedure was however beyond the scope of the present study.

Second, inherent image stripping also reduced in our case the relevance of using L8 images to

infer SST. While strips were of minor concern for algorithm calibration (very few strips affected

pixels where in situ loggers were located), they definitively affected the map product (Fig. 5).

Despite the new relative (detector-to-detector) gains included in the level 1 collection 2
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processing to reduce along-track striping, these artefacts still affected the set of recent images
used in our study. Although not implemented here, methods for image destripping have been
recently proposed in the literature (Stumpf et al., 2018; Liu et al., 2020), which could be
considered in the near future. Notably, processing level 1 collection 2 with the Thermal
Atmospheric Correction Tool (TACT; Vanhellemont, 2020), an open source processor for
deriving surface temperature from Landsat sensors based on the libRadtran radiative transfer
code (Emde et al., 2016), also allow stripping removal, provided that various atmospheric
profiles are available as inputs (Vanhellemont et al., 2022). Beyond the stripping issue, the use
of atmospheric corrections performed locally could limit some of the accuracy limitations

pointed out here (Zhang et al., 1999).

Third, further improvements in SST algorithm optimisation should address the effects of wind
speed and possible bias due to the depth of in situ sensors used for algorithm calibration. Indeed,
low wind speed leads to vertical water stratification in atolls (Dumas et al., 2012), and to a
higher difference between the temperature of the skin layer measured by the satellite and the
temperature recorded by deeper sensors. In our study sites, however, vertical temperature
stratification between 1 m and 4 m depth remained limited at the hour of L8 overpass (i.e.,
between 09:07 AM and 09:45 AM depending on atolls), except punctually during very low-
wind days (Fig. A8). As a result, the depth of the sensors used for algorithm calibration was not
correlated with L8 SST accuracy (Pearson correlation = 0.035, p = 0.756), but the absolute

value of bias was significantly and negatively correlated with wind speed (Pearson correlation
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coefficient of -0.240, p < 0.05), with lower wind speed associated with higher bias (Fig. A5).

In the light of some authors that found better results when optimizing parameters individually

for each month (e.g., Shenoi, 1999; on the basis of NOAA/NESDIS satellite), structuring the

calibration process by type of wind conditions may be worth exploring, but will reduce the

number of observations available for calibration. Conversely, calibrating SST algorithms using

only the shallowest in situ sensors would certainly reduce RMSE, but such an approach is not

strictly mandatory for fisheries and aquaculture applications, for which estimating bulk

temperature (i.e. a temperature more representative of the environment experienced by

organisms) is actually of greater interest than estimating skin-temperature.

Finally, some authors working with VIIRS and MODIS images have shown that column water

vapor content in the atmosphere and satellite view zenith angle have a strong impact on SST,

so it is advisable to set coefficients a1, a2, and as for SST calculation (see eq. 1) specifically for

each latitude (Petrenko et al., 2014), or to explicitly take zenith angle into account in SST

algorithms (Kilpatrick et al., 2015). Here, the effect of satellite zenith angle has been implicitly

considered in the atoll-by-atoll scenario, since coefficients have been set individually for each

lagoon. Taking explicitly zenith angle into account in SST equations is, by contrast, not

necessary for the purpose of generating maps of SST inside instrumented lagoons with L8.

Indeed, the L8 scene size is 185 km (cross track) by 180 km (along-track), and satellite zenith

angle of L8 is always 0 at the centre of a scene. Thus, for a given location, the satellite zenith

angle does not change between images (i.e., across time). From one side of a scene to the other
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(east-west direction), differences in satellite zenith angle remain below 9 degrees, which is

lower than other satellites (AVHRR, MODIS, and Sentinel) and has little effect on SST

estimates (Jang and Park, 2019). Considering the small length of atoll lagoons studied here

(from 11 km for Tatakoto to 38 km for Raroia), difference in zenith angle inside a given lagoon

is negligible, and considering this factor is not necessary when the purpose of the study is

mapping SST inside instrumented lagoons.

4.3. Relevance of L8 derived SST for other atoll lagoons

The four atoll lagoons processed in this study are diverse in their sizes, morphologies and degree
of aperture to the ocean (from semi-closed to semi-open). The satisfying performance of L8
SST algorithms obtained for all four atolls regardless of their characteristics gives us confidence
in the reliability of transposing the method to other instrumented atolls. For lagoons that are not
instrumented with temperature sensors, the optimization performed all atolls confounded may
provide a good first guess and model, until local (lagoon specific) data become available.
Although algorithms were less accurate when calibrated with all atoll data instead of atoll by
atoll, the degradation was moderate, going from bias = -0.26°C (atoll by atoll) to -0.30°C (all
atolls), and with an increase of RMSE from 0.55°C (atoll by atoll) to 0.60°C (all atoll). These
results are quite encouraging to attempt a universal relationship between temperature and L8

infrared bands, valid first for all Tuamotu atolls.
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4.4.  Applications of L8 SST retrievals for Tuamotu atolls

The SST map products inferred from L8 imagery can assist research and management in
Tuamotu atolls in various ways. First, it can help depict daily horizontal thermal gradients and
fronts occurring inside atoll lagoons and thus provide useful information for the validation of
spatial patterns that could come from hydrodynamic models as in Dumas et al., (2012). This
knowledge cannot be acquired using a necessary low number of deployable in situ loggers
(Kowalewska-Kalkowska and Kowalewski, 2019). If SST maps depicting a variety of
atmospheric and oceanic conditions are available, they could help understanding lagoon thermal

variability, as well as relevant hydrodynamic processes.

Second, SST maps from L8 could help designing sampling strategy for new in situ collection
of any temperature or other temperature-dependant variable (e.g., growth of biological
organisms), by identifying areas inside lagoon that may be thermally contrasted. Indeed, the
dominant gradients in temperature that affected the studied lagoons could be adequately

pictured here and could be used to guide sampling.

Third, L8 derived SST can provide a source of information on temperature at lagoon scale,
when no other information is available (i.e., no in situ sensors, and no reliable estimates from
Global SST products). Owing to the time period covered by L8 mission (from 2013 to present),

and its revisit time, the L8 SST product could be useful to calculate a first climatology (e.g.,
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monthly mean temperature over ten year) relevant for the lagoons if there are enough data. A
climatological baseline is a prerequisite to calculate thermal stress indexes for marine resources,
but is currently lacking for small lagoons where global SST products are not reliable (Van

Wynsberge et al., 2017).

Finally, SST map products inferred from L8 imagery may inform spatial planning studies, as
systematic conservation planning tools evolve toward scenarios that better take temperature
data and climate change into account (Petrosillo et al., 2023). However, spatial planning studies
require spatially exhaustive data (i.e., no spatial gaps in data; Moilanen et al., 2009), which is
a limitation in the case of L8 derived SST owing to the low frequency of revisit time and the
very few numbers of cloud-free (and strip-free) images. Other satellites may be valid sources
of 11 um and 12 um infrared bands with higher frequency revisit time than L8. This is the case
of the recently launched Landsat-9 satellite, which, combined with L8, could provide images at
8 days’ frequency. A cross-calibration analysis between L8 and Landsat-9 sensors showed
excellent results between the two products (Gross et al., 2023), which suggests that the work
performed here will remain of value and generalizable with Landsat 9 images. The ECOsystem
Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS) mission on the
International Space Station since June 2018, the upcoming Franco-Indian CNES/ISRO
TRISHNA mission foreseen in 2026, and the ESA High Priority Copernicus Land Surface

Temperature Monitoring (LSTM) mission foreseen in 2028 are now available or on their way,
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and will provide better radiometric performances, higher spatial resolution and temporal

sampling and increase the value and operational capacity of this source of observation.

5. Conclusion

We demonstrated that the range of temperature inside atoll lagoons is of the same order of
magnitude as the RMSE associated with SST algorithms, but nevertheless confirm the interest
of a systematic operationalization of SST algorithms for these water bodies. Notably, and
despite that L8 SST could only partially capture the range of variability that could be
encountered in the field, it could characterize spatial gradients and fronts more comprehensively
than with few in situ sensors. Indeed, L8 derived SST succeeded in capturing the main gradients
inside lagoons, and highlighted spatial patterns that went unnoticed by in situ sensors and the
MUR SST product. The set of parameter values provided in this study should be relevant for
most of the 598 world's atolls, but we recommend using local estimates of SST parameters

whenever possible.
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Tables

Table 1: Characteristics of in situ sensor time series used in this study.

Measurement Measurement Number of high-quality
Location Station Latitude Longitude Sensor Type Depth (m) Deployment time period
type frequency matchups with L8
Reao REA1 -18.494014 -136.411855 TWR2050 3.6 T,P 16/12/2016 — 29/06/2017 30’ 3
Reao REA2 -18.483047 -136.424779 SBE56 13 T 08/06/2021-02/06/2023 20 7
Reao REA4 -18.565526 -136.333066 SBE56 1.7 T 30/04/2022 - 02/06/2023 30’ 4
Reao REAS -18.543180 -136.342201 SBE56 1.8 T 30/04/2022 - 02/06/2023 30 6
Reao REA6 -18.521482 -136.356377 SBE56 13 T 30/04/2022 - 02/06/2023 30 5
Reao REA7 -18.513607 -136.390002 SBE56 1.2 T 30/04/2022 - 02/06/2023 30 8
Reao REA8 -18.501160 -136.376241 SBE56 1.4 T 30/04/2022 - 02/06/2023 30’ 7
Reao REA9 -18.497568 -136.396765 SBE56 1.4 T 30/04/2022 - 02/06/2023 30’ 4
Reao REA10 -18.481026 -136.442612 SBE56 1.2 T 30/04/2022 - 02/06/2023 30’ 9
Reao REA11 -18.472794 -136.435903 RBR Duet 1.5 T,P 07/05/2022 — 14/04/2023 15’ 3
Raroia RAR4 -15.987153 -142.364223 SBE56 21 T 25/05/2018 —23/03/2019 10’ 13
Raroia RAR5 -16.064706 -142.418871 SBE56 2.0 T 25/05/2018 — 22/03/2019 10’ 9
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Raroia RAR6 -16.150752 -142.468992 SBES6 2.5 T 27/05/2018 — 22/03/2019 10’ 8

Raroia RAR7 -16.117779 -142.502806 SBES6 1.8 T 27/05/2018 — 23/03/2019 10’ 8

Raroia RAR8 -16.153191 -142.410957 SBES6 2.4 T 27/05/2018 — 23/03/2019 10’ 8
Tatakoto | TAT1 -17.3488 -138.435 SBES6 1.0 T 11/11/2012 - 24/10/2017 30’ 16
Tatakoto | TAT2 -17.3334 -138.351 SBES6 2.8 T 11/11/2012 - 15/08/2017 30’ 15
Tatakoto | TAT3 -17.3508 -138.41 RBRduo 3.4 T,P 16/11/2012 - 22/10/2014 30’ 3
Takaroa | TAK1 -14.5026 -145.01605 SBES6 4.0 T 01/12/2012 - 19/03/2016 30’ 10
Takaroa | TAK2 -14.473967 -145.02955 RBRduo 4.0 TP 30/11/2012 — 04/06/2015 30’ 3
Takaroa | TAK3 -14.5076 -145.052367 SBES6 2.0 T 01/12/2012 — 18/01/2016 30’ 8
Takaroa | TAK4 -14.45972 -144.95946 NKE Sambat 4.0 T,F 30/01/2019 — 24/02/2021 60’ 3
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Table 2: Spatial variability of temperature inside atoll lagoons measured by sensors and

captured by L8 imagery for the geographic positions of each temperature sensor. Only sensors

located in the lagoon sensu stricto (but inner slope included) were included (i.e., T7 at Reao

located on the reef flat was not considered for computing these statistics). For in situ data,

statistics were computed on hourly mean temperature data, and “difference” refers to absolute

values of differences (subtracting) of pair-wise sensors temperatures. Note that these values are

necessarily constrained by sampling scheme inherent to each lagoon.

Lagoon Data selected for Max temperature | Mean Max Mean
computing statistics difference temperature temperature temperature
between sensors difference difference by difference by
(°C) between sensors | satellite (°C) satellite (°C)
(k)
Reao All in situ data 1.67 0.17
Match ups only 0.95 0.32 1.92 1.01
Raroia All in situ data 1.79 0.19
Match ups only 0.88 0.38 0.68 0.40
Takaroa All in situ data 2.27 0.26
Match ups only 1.48 0.54 0.90 0.27
Tatakoto All in situ data 2.31 0.25
Match ups only 0.55 0.30 1.63 0.43
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Table 3: Coefficients estimated and performance of the fit obtained for the NLSST3 algorithm,
when fitted on high quality data only. Results are provided for optimizations performed atoll
by atoll and for optimizations performed all atolls confounded. n: number of matchups available

(half used for setting coefficients, and half for computing bias and RMSE).

Scale for
Lagoon n Coefficient al Coefficient a2 Coefficient a3 Bias RMSE
optimization
Atoll by atoll Reao 56 0.49181 0.06536 6.27719 -0.33 0.54
Tatakoto 34 0.44197 0.07854 4.85649 -0.24 0.62
Takaroa 24 0.51607 0.06143 5.41305 -0.60 0.79
Raroia 46 0.46515 0.06883 6.27148 -0.01 0.32
All atolls
All 160 0.48823 0.0666 5.87312 -0.30 0.60
confounded
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Figure Legends

Figure 1 : Study site locations. A) Locations of the four atolls studied in Tuamotu archipelago,
French Polynesia. B-E) Satellite view of the four studied sites (L8 images captured on
7/11/2021, 17/01/2016, 07/7/2019, and 27/11/2018 for Reao, Tatakoto, Takaroa, and Raroia
respectively) and location of in situ temperature sensors used for SST algorithm optimization.

The two nearest stations REA10 and REA11 are 1,15 km apart.
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Figure 2: Proportion of time for which a gradient in temperature was recorded by sensors along
the lagoon length axis, at Raroia (A), Takaroa (B), Reao (C), Tatakoto (D), and along the lagoon
width axis, at Raroia (E), Reao (F), and Takaroa (G). In panels A-D, a “positive” gradient refers
to an increasing temperature (> 0.1°C) recorded between RAR4, RARS and RARG6 at Raroia,
between TAK1 and TAKS at Takaroa, between REA2, REA9 and REAS at Reao, and between
TAT2, TAT3 and TATL1 at Tatakoto, and vice versa for negative gradients. In panels E-G, A
“positive” gradient refers to an increasing temperature (> 0.1°C) recorded between RARS,
RARG6 and RARY7 at Raroia, between REA1l and REA10 at Reao, and between TAK1 and
TAK?2 at Takaroa, and vice versa for negative gradients. “Cool season” refers to May-October
and “Warm season” to November-April. See Fig. 1 and Table 1 for location and characteristics

of in situ sensors.
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Figure 3: Subset of temperature time series showing intra-lagoon scale variability in
temperature, as measured by in situ sensors. A) Tatakoto. B) Takaroa. C) Raroia. D) Reao. The
vertical dashed line refers to the L8 satellite overpass, circles and triangles to the L8-SST
estimations used for algorithm calibration and validation respectively. Ticks of the x-axis are
aligned with the satellite’s hour of passage (09:31 for Raroia; 09:07 for Reao; 09:45 for
Takaroa; 09:15 for Tatakoto, local time). See Fig. 1 and Table 1 for location and characteristics

of in situ sensors.
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Figure 4: Fit between satellite derived SST from L8 (NLSST3 algorithm) and temperature
recorded by in situ sensors. A) optimization of coefficients performed atoll by atoll. B)
Optimization performed all atolls confounded. Circles and triangles refer to matchups used for
algorithm calibration and validation, respectively. Bias and RMSE were calculated on the basis
of matchup data used for validation only. Optimization was performed on high quality data only

(see text for details).
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Figure 5: Mapping of SST using L8 imagery, using the NLSST3 algorithm, optimized on the
basis of high-quality data only. A) Takaroa (from the 27/11/2013 image); B) Takaroa (from the
07/07/2019 image); C) Raroia (27/11/2018); D) Raroia (10/10/2018); E) Tatakoto (from the
05/03/2016 image); F) Tatakoto (from the 09/06/2016 image); G) Reao (from the 07/11/2021
image); H) Reao (from the 15/03/2022 image). Black circles mark locations of in situ sensors
if they were present on the day of the satellite image acquisition. White areas are pixels

identified as clouds.
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