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Remotely-sensed L4 SST underestimates the thermal ﬁngerprint of coastal
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Sea Surface Temperature (SST) is an essential variable for understanding key physical and biological processes.
Blended and interpolated L4 SST products oﬀer major advantages over alternative SST data sources due to their
spatial and temporal completeness, yet their ability to discriminate upwelling-induced steep temperature
transitions in coastal waters remains largely unassessed. Here we analysed the performance of eleven L4
GHRSST-compliant products in estimating in situ water temperatures recorded by a large network of shallow
subtidal and intertidal temperature loggers deployed in shores covering regimes with a wide range of upwelling
intensities. Results indicate that while most products perform satisfactorily for most of the year, performance is
severely aﬀected during the upwelling season in locations with strong upwelling. We show that upwelling negatively impacts all four metrics used to assess dataset performance (average bias, correlation, centred rootmean-square error and normalized standard deviation), leading to a considerable overestimation of coastal water
temperatures (with average bias exceeding 2 °C in some cases). We also show that while the use of L3 data (i. e.,
prior to blending and interpolation) leads to an increase in performance compared to L4 GHRSST-compliant
products, the gain is probably not substantial enough to oﬀset issues related with their spatial and temporal
inconsistency along coastlines. Our results suggest that the use of L4 GHRSST-compliant products can lead to a
misrepresentation of the thermal ﬁngerprint of upwelling, and thus should be limited (or even avoided) in
locations dominated by its eﬀects. Conversely, the use of L4 GHRSST-compliant products on locations with little
to no upwelling appears to be warranted. The mismatch between in situ and remotely-sensed sea water temperatures here reported also highlights the need for implementation of long-term monitoring networks of in situ
temperature loggers.
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1. Introduction
Sea Surface Temperature (SST) data are widely used in the ﬁelds of

numerical weather prediction, ecological forecasting and climate
variability and change. Remotely-sensed SST data are typically delivered as Level 2 products (data sampled on the grid or swath of the
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temperature records from intertidal loggers were discarded whenever
simultaneous readings from sensors deployed in the same location
varied by > 0.5 °C, or whenever any single logger registered abrupt
changes in temperature (i.e., sequential readings exceeding 0.5 °C/h), to
avoid potential contamination from aerial exposure. Finally, for each
location, temperatures were averaged from multiple sensors whenever
these were available and summarised into daily mean values (the
average standard deviation between adjacent loggers was 0.12 °C).

sensor, at native resolution; L2), Level 3 products (obtained through resampling one or various sources of L2 data on a regular grid, but
without spatial interpolation; L3), or Level 4 products (obtained by
blending complementary satellite and/or in situ observations and using
interpolation methods to ﬁll data gaps; L4). Being spatially and temporally complete, L4 products are widely used in oceanography and
ecology as they support the identiﬁcation and characterization of
oceanographic processes (Isachsen et al., 2012; Santos et al., 2016;
Vazquez-Cuervo et al., 2013; Vazquez-Cuervo et al., 2017), weather
extremes (e.g., Hobday et al., 2016), marine heatwaves (Oliver et al.,
2017), and allow pinpointing the timing of events (e.g., Lima and
Wethey, 2012). Most studies using L4 SST rely on data from The Group
for High Resolution Sea Surface Temperature (GHRSST, www.ghrsst.
org, Donlon et al., 2007), an international science team providing a
framework for SST data sharing and best practices for data processing.
It oﬀers a variety of L4 SST products, each featuring a unique blend of
data, associated with a particular interpolation technique, and a speciﬁc temporal and spatial resolution.
In comparison with the open ocean, obtaining accurate remotelysensed estimates of near-shore SST is both diﬃcult and complex (e.g.,
land contamination, interference from coastal fog, cloud cover or precipitation, and from sea roughness). As a consequence, L4 SST products
rely more heavily on interpolation and estimates of the climatological
time history at the pixel scale to ﬁll in data gaps at the coast. This
problem is potentially aggravated in regions featuring steep temperature gradients associated with coastal upwelling. Upwelling is the uplift
of cold and nutrient-rich sub-surface water into the euphotic zone,
signiﬁcantly supporting global ﬁsheries (Pauly and Christensen, 1995),
enhancing local biodiversity (Lourenço et al., 2016), and buﬀering
coastal biomes from global warming (Varela et al., 2018; Seabra et al.,
2019). Importantly, while several studies have addressed the performance of remotely-sensed products in estimating coastal water temperatures (e.g., Brewin et al., 2018; Castillo and Lima, 2010; Smale and
Wernberg, 2009; Smit et al., 2013; Thakur et al., 2018), an explicit
assessment of the accuracy with which such products discriminate upwelling-induced steep temperature transitions is still lacking. This is
especially urgent as L4 SST products continue to be widely applied in
studies covering coastal areas (Baker-Austin et al., 2013; Bates et al.,
2018; Castillo et al., 2012; Langlais et al., 2017; Liao et al., 2015;
Schlegel et al., 2017; Seabra et al., 2019; Varela et al., 2015). Here, we
perform a systematic comparison between L4 GHRSST-compliant data
and direct measurements obtained from a global network of in situ
loggers to determine (i) which L4 GHRSST-compliant products is a best
proxy for estimating water temperatures at the coast, and (ii) to what
extent the accuracy of these products is inﬂuenced by the magnitude of
coastal upwelling.

2.2. L4 GHRSST-compliant products
In total, eleven Level 4 (L4) GHRSST-compliant products were
analysed, each featuring a speciﬁc blend of data sources (including
remotely-sensed infrared, microwave, buoys, drifting gliders and cruise
records), spatial resolution (ranging from 0.01 to 0.25 arcdegrees) and
temporal extension (see Table 2 for details).
Complete temperature ﬁelds are constructed using diﬀerent interpolation techniques. Most of the GHRSST-compliant products here
analysed are produced using Optimum Interpolation (OI), with the
exception of MUR and K10, which instead are produced using, respectively, wavelet and weighted average techniques. For each studied
location, estimates of temperature from all L4 GHRSST-compliant
products were obtained from pixels overlapping the area and period
under analysis. Spatial overlap was not possible for some locations
when using products with coarser resolution, in which case data from
the nearest pixel was used (this procedure is common-practice among
marine ecologists; Table S1). Complete temporal overlap was also not
always possible (e.g., the AVHRR AMSR OI SST product was not
available beyond 2011). In such situations, comparisons were restricted
to the periods with temporal overlap between in situ and remotelysensed datasets.
2.3. Upwelling index
To evaluate how accurately L4 GHRSST-compliant products describe the strong horizontal thermal gradients associated with upwelling areas, locations were ranked according to the magnitude of upwelling conditions (Table 1). We used a modiﬁed version of the
temperature-based ‘integrated anomaly’ index described by Tapia et al.
(2009), which considers both the duration and the intensity of thermal
anomalies associated with the uplift of cold water. The Upwelling Index
(UI) for each location was deﬁned as the cold anomaly (i.e., cold bias)
between upwelled coastal waters and the warmer oﬀshore waters.
Thus, a value of 2 °C indicates that upwelling events, on average, reduced coastal water temperature by 2 °C relative to oﬀshore waters.
Coastal water temperatures were directly obtained from in situ loggers
(see above), and the corresponding oﬀshore temperatures were derived
from monthly gridded summaries (average) of the International Comprehensive Ocean-Atmosphere Data Set (ICOADS, https://icoads.noaa.
gov, Freeman et al., 2017), at one arcdegree resolution. ICOADS data
were used because they are based on records from thermal sensors on
buoys, vessels and surface drifters and thus are independent from satellite observations, whose performance was the subject of this study.
Monthly gridded summaries of ICOADS data are not interpolated or
analysed to ﬁll data voids. Given the coarse spatial resolution of
ICOADS data, there was a non-trivial mismatch between the latitude of
each study location and the central latitude of the corresponding
ICOADS oﬀshore grid cell. Thus, linear latitudinal transects ~200 km
oﬀshore from each coastline were used to compute linear regressions
between monthly ICOADS temperatures and latitude. In Taiwan a distance of ~500 km was used to avoid the Kuroshio current thermal effects. This procedure yielded linear regression estimators that were
speciﬁc for each location and date, allowing the estimation of monthly
oﬀshore SST outside the bulk of the inﬂuence of coastal upwelling at
each study site. Finally, we computed the mean absolute diﬀerence
between the daily in situ water temperatures and the corresponding

2. Materials and methods
2.1. In situ/reference temperature data
In situ water temperature was recorded using temperature loggers.
Loggers were deployed either at shallow subtidal depths, embedded
into concrete slabs, or in the low and mid intertidal, attached to natural
rock surfaces. Data were collected between 2006 and 2016 from 42
locations worldwide (including the northeast Atlantic, eastern
Mediterranean, southeast and northwest Paciﬁc; Fig. 1), at resolutions
ranging from 0.01 °C to 0.5 °C and with sampling frequencies ranging
from 20 to 60 min (Table 1).
Locations were monitored for periods ranging from 5 months to >
9 years. Since intertidal loggers are periodically exposed to aerial
conditions, water temperature was extracted from the full dataset by
retaining only temperature records that were collected during the peak
of high tide. Tide heights for all locations with intertidal loggers were
obtained using the ﬁnite element solution model FES2012 (http://
www.aviso.altimetry.fr/, Carrère et al., 2013). Furthermore,
2
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Fig. 1. Location of the 42 coastal sites from which in situ temperature data was obtained. Colours show the magnitude of the Upwelling Index at each location (i.e.,
the cold anomaly between upwelled coastal waters and the warmer oﬀshore waters in °C; see Section 2.3 for further details), ranging from no upwelling (red) to
strong upwelling (blue). The magnitude of the cooling eﬀect is strongest in the Chilean locations, followed by those in western Iberia. The remaining locations in the
Macaronesia Islands, northeast Atlantic, eastern Mediterranean, Hong Kong, Taiwan and Japan, have weak or no upwelling (e.g., Haifa, Israel). (For interpretation of
the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

associated with the blending process, or (ii) L3 performs better than L4
products, suggesting that L3 data is preferable to resolve ﬁne temperature patterns near the coast because it does not lose so much detail
during the blending process.

latitude-corrected monthly oﬀshore SST whenever coastal waters were
cooler (Tapia et al., 2009), yielding a single UI value for each shore.
2.4. Impact of blending methodologies on coastal SST

2.5. Data analysis

We also wanted to evaluate to what extent the process used to blend
Level 3 (L3) into L4 products could have been introducing artifacts that
negatively impact the ability to discriminate sharp temperature transitions near the coast (for example, via spatial smoothing during interpolation). L3 data are available at three stages of processing, ranging
from uncollated single sensor products to super-collated multi-sensor
blends. In this study, we used a high-resolution, GHRSST-compliant L3C
SST dataset (“collated” single sensor, i.e., where multiple measurements
from a single sensor are combined into a single product) from the
European Organization for the Exploitation of Meteorological Satellites
(EUMETSAT), compiled by the Ocean and Sea Ice Satellite Application
Facility, France (http://www.osi-saf.org) – the Global Metop sub-skin
0.05 arcdegree (~5.55 km) SST dataset on Metop-A satellite (hereafter
referred as AVHRR L3 SST). While this product is available twice per
day, only night-time SST values from 2009 and 2013 were used for this
analysis, to avoid potential interference from diurnal thermal variability associated with solar heating (Donlon et al., 2002; Fairall et al.,
1996). These data were also acquired by an Advanced Very High Resolution Radiometer (AVHRR), and thus its performance is comparable
to most L4 GHRSST-compliant blends, which incorporate AVHRR data
in their production (see Tables 2 and S2). By comparing the performances of AVHRR L3 SST and L4 GHRSST-compliant products at estimating in situ temperature data we aimed at ﬁnding whether (i) L3 and
L4 products exhibit biases of the same magnitude, which would suggest
that those biases originate during data acquisition and are not

Remotely-sensed GHRSST-compliant products were evaluated relatively to in situ temperature records at two periods: year-round and
during the upwelling season. Upwelling seasons were deﬁned as the 6month time span encompassing the periods of maximum upwelling
magnitude, i.e., April to September for the upwelling-dominated shores
in Europe (Alvarez et al., 2011; Lafon et al., 2004; Vancamp et al.,
1991) and December to May for the Chilean locations. Although the
upwelling season along the section oﬀ central-northern Chile where in
situ sensors were located has been described to span from late September to early March (Strub et al., 1998; Tapia et al., 2009), a close
inspection of the records for the years 2009–2011 revealed that on
those years the magnitude of upwelling was high from December to
May, and hence we used that period. This did not change our conclusions (data not shown). While the broad 6-month spans may limit the
ability to detect potentially stronger biases associated with peak upwelling conditions, this deﬁnition of upwelling seasons was preferred as
it ensures a conservative estimate of said biases. The same periods were
considered when analysing temperature records from locations with
little or no upwelling, warranting consistency among analyses.
The performance of remotely-sensed L4 GHRSST-compliant datasets
was assessed through the computation of: (i) average bias, a measure of
their trueness; (ii) Pearson's correlation coeﬃcient (PCC), indicative of
their linear relationship with in situ records; (iii) centred root-mean3

Location

Arrayan
Carrizal Bajo
Chanaral de Aceituno
El Apolillado
El Panul
Guanaqueros
Huasco
Huentelauquen
Limari
Los Burros
Puerto Oscuro
Punta Talca
Talcaruca
Temblador
Wembury
Batz Sur Mer
Biarritz
Landunvez
Royan
Hong Kong
Emlagh
Minard Castle
Haifa
Okinawa
Alteirinhos
Evaristo
Faial
Flores
Madeira
Mindelo
Moledo
Santa Maria
São Lourenço
Oban
South Cairn
Cabo Tourinãn
El Hierro
La Caridad
Prellezo
Shi-Ti-Ping
Shen Ao Keng
Isle of Anglesey

Country

Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
Chile
England
France
France
France
France
Hong Kong
Ireland
Ireland
Israel
Japan
Portugal
Portugal
Portugal
Portugal
Portugal
Portugal
Portugal
Portugal
Portugal
Scotland
Scotland
Spain
Spain
Spain
Spain
Taiwan
Taiwan
Wales

Lon (degrees)
−71.32
−71.16
−71.49
−71.49
−71.38
−71.48
−71.19
−71.56
−71.70
−71.52
−71.60
−71.68
−71.70
−71.31
−4.11
−2.54
−1.56
−4.75
−1.03
114.22
−9.91
−10.11
34.95
128.05
−8.79
−8.30
−28.63
−31.12
−16.69
−8.74
−8.87
−25.17
−9.42
−5.45
−5.18
−9.29
−18.02
−6.83
−4.44
121.51
121.82
−4.66

Lat (degrees)

−29.69
−28.09
−29.07
−29.21
−29.98
−30.20
−28.38
−31.63
−30.75
−28.91
−31.42
−30.93
−30.48
−29.47
50.31
47.29
43.48
48.54
45.61
22.22
53.75
52.13
32.83
26.55
37.52
37.07
38.52
39.45
32.74
41.31
41.84
36.94
39.01
56.46
54.97
43.04
27.66
43.57
43.41
23.48
25.12
53.32
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Onset TidBit
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Hobo Pendant UA00264
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1921 i-Button
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton
Maxim DS1922 iButton

Logger model
20
20
20
20
20
20
20
20
20
20
20
20
20
20
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60

tx (min)
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Shallow subtidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Shallow subtidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal
Intertidal

Level
1
1
1
1
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0
0
0
0
4
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
m below MLWS
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL
to 1 m below MSL

Depth (to datum)
1
1
1
1
1
1
1
1
1
1
1
1
1
1
18
18
18
18
18
10
18
18
1
5
18
18
5
5
1
18
18
1
18
3
18
18
2
18
18
14
16
18

N loggers
2009-08-05
2009-08-09
2009-06-26
2009-04-26
2009-07-15
2009-08-04
2009-08-08
2009-08-05
2009-03-30
2009-08-08
2009-08-04
2009-08-06
2009-03-28
2009-08-06
2010-06-16
2010-06-15
2010-06-13
2010-06-17
2010-06-14
2013-05-22
2010-07-16
2010-07-15
2012-03-09
2015-05-24
2010-06-15
2010-06-14
2013-08-11
2013-08-20
2013-09-23
2010-05-27
2010-05-27
2013-08-25
2010-06-12
2006-04-01
2010-07-18
2010-05-29
2013-09-17
2010-05-30
2010-05-31
2013-08-07
2013-05-29
2010-07-14

Start

2011-11-10
2011-11-12
2011-05-15
2011-10-08
2011-10-13
2011-11-08
2011-11-12
2011-11-07
2011-10-10
2011-11-11
2011-11-07
2011-11-09
2011-11-13
2011-10-12
2015-10-29
2015-10-31
2016-03-09
2015-10-30
2015-11-01
2014-04-16
2016-09-16
2016-09-17
2014-07-07
2015-10-20
2015-12-13
2015-12-12
2014-07-14
2014-07-23
2014-08-14
2013-05-29
2016-02-10
2014-07-29
2015-12-11
2015-05-28
2016-09-19
2016-02-10
2014-08-11
2016-01-24
2016-01-25
2016-04-23
2016-04-29
2016-09-18

End

3.2
3.6
3.6
2.9
2.2
1.9
2.7
3.1
3.4
4.0
3.5
3.5
3.6
2.7
0.6
0.3
0.2
1.0
0.2
1.0
0.4
0.3
0.1
0.2
1.7
0.9
1.0
0.8
0.3
1.9
2.1
0.7
2.7
1.2
0.8
2.0
0.1
0.6
0.6
1.5
1.6
0.4

UI (°C)

Table 1
The performance of remotely-sensed products was assessed by comparing their estimates to direct water temperature measurements (in situ) from 42 coastal locations distributed worldwide and collected at timespans
varying from 5 months to > 9 years (from Start to End). Temperatures were recorded by loggers (Logger model) deployed in diﬀerent tidal levels (Level) and depths (Depth; MLWS stands for Mean Low Water Springs and
MSL stands for Mean Sea Level), and at diﬀerent resolutions (Resolution) and frequencies (in minutes; tx). Daily values were obtained by averaging data collected by one or multiple sensors (N loggers) whenever these
were available. In situ measurements were also used to calculate an Upwelling Index (UI, in °C) for each location, deﬁned as the magnitude of the cold anomaly (i.e., cold bias) between upwelled coastal waters and the
warmer oﬀshore waters (see Tapia et al., 2009). Manufacturer reported logger accuracy was ± 0.21 °C, ± 0.53 °C and 0.50 °C, and logger resolution was 0.02 °C, 0.14 °C and 0.5 °C for Onset TidBit, Hobo Pendant
UA00264 and Maxim DS1922 iButton loggers, respectively.
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4

Daily Optimum Interpolation SST(OISST),
AMSRE+AVHRR
Daily Optimum Interpolation SST (OISST),
AVHRR-Only
Canadian Meteorological Centre

GHRSST Global 1-km Sea Surface
Temperature
Global Australian Multi-Sensor SST Analysis

AVHRR AMSR OI

G1SST

5

Multi-scale Ultra-high Resolution Sea Surface
Temperature
Microwave Infrared Optimum Interpolation

ODYSSEA

Operational Sea Surface Temperature and Ice
Analysis

MUR

MW IR OI

ODYSSEA

OSTIA

UK Meteorological Oﬃce, UK

IFREMER CERSAT, France

NASA Jet Propulsion Laboratory_ Regional Ocean
Modelling System, USA
Remote Sensing Systems Inc., USA

GHRSST, Group for High Resolution SST
Naval Oceanographic Oﬃce, USA

NASA Jet Propulsion Laboratory_ Regional Ocean
Modelling System, USA
Australian Bureau of Meteorology, Australia

Canadian Meteorological Centre, Canada

NOAA National Climatic Data Center, USA

NOAA National Climatic Data Center, USA

Provider
https://doi.org/10.5067/
GHAOI-4BC01
https://doi.org/10.5067/
GHAAO-4BC02
https://doi.org/10.5067/
GHCMC-4FM02
https://doi.org/10.5067/
GHG1S-4FP01
https://doi.org/10.5067/
GHGAM-4FA01
http://marine.copernicus.eu/
https://doi.org/10.5067/
GHK10-41N01
https://doi.org/10.5067/
GHGMR-4FJ04
https://doi.org/10.5067/
GHMWI-4FR04
https://doi.org/10.5067/
GHGOY-4FE01
https://doi.org/10.5067/
GHOST-4FK01

Source

SSTfnd

SSTfnd

SSTfnd

SSTfnd

0.054

0.02

0.09

0.01

0.25
0.1

0.25

SSTfnd
Ensemble
1m

0.01

0.2

0.25

0.25

Resolution

SSTfnd

SSTfnd

0.3 m

0.3 m

Depth

2006

2010

2005

2002

2009
2008

2008

2010

1991

1981

2002

Start

Present

Present

Present

Present

Present
Present

Present

2017

Present

Present

2011

End

54,446

46,206

51,788

54,887

52,392
53,094

53,860

48,386

54,798

54,916

21,065

N records

1, 3, 12, 13, 14, 23, 24, 27

1, 3, 13, 14, 23, 24

2, 3, 19, 20, 24, 26

3, 14, 19, 20, 26

Blend of productsa
3, 6, 14, 15, 16

2, 6, 7, 14, 15, 27

1, 3, 4, 5, 6, 12, 13, 14, 15,
24, 26, 27
3, 6, 18, 19, 21, 22, 24, 27

8, 9, 10, 11, 12, 13, 14, 27

3, 12, 13, 14, 27

Sensor and Platform

a
AVHRR OI; CMC0.2 deg; The Fleet Numerical Meteorology and Oceanography Center (FNMOC) data, USA; GAMSSA; K10; Merged Satellite and In-situ Data Global Daily SST (MGDSST), Japan Meteorological Agency,
Japan SST; OSTIA; ODYSSEA; Microwave/Infrared from Remote Sensing Systems (RSS MW/IR), USA; Microwave from Remote Sensing Systems (RSS MW), USA; Real-Time Global SST (RTG), from the National Centers for
Environmental Prediction, USA.

Global Ocean SST Multi Product Ensemble
Global 10 km Analysed SST

GMP
K10 SST

GAMSSA

CMC0.2 deg

AVHRR OI

Product name

Product code

Table 2
Eleven Level 4 GHRSST-compliant products were analysed, each featuring a speciﬁc blend of data sources (including remotely-sensed infrared, microwave, buoys, drifting gliders and cruise records, indexed in the Sensor
and Platform column and referenced in Table S2), Depth (i.e., the depth to which the dataset refers to; SSTfnd is the temperature at depth, free of diurnal temperature variability), and spatial resolution in arcdegrees
(Resolution). The temporal availability (from Start to End) and the number of records used in this study (N records) are also reported.
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square error (CRMSE), which informs on their accuracy; and (iv) normalized standard deviation (NSD), used to compare their variability
with the variability of the data collected in situ. To prevent those analyses based on pooled data from becoming dominated by longer timeseries, all statistics were estimated using weights, which were computed
as the inverse of the length of each timeseries. Taylor diagrams (Taylor,
2001) were used to concisely summarize the degree of correspondence
between the suite of satellite-derived datasets and the reference measurements obtained in situ. Each Taylor diagram shows, at once, the
PCC, CRMSE and NSD of each dataset being evaluated (see Seabra et al.,
2011 for an annotated example).
Lastly, to assess the potential impact of biases in remotely-sensed
datasets for the calculation of warming trends, in situ temperatures were
analysed for locations that had timeseries longer than ﬁve years.
Following Seabra et al. (2019), rates of change in temperature (i.e., the
slopes of the linear regressions) were computed for in situ temperature
records and compared with those based on SST estimates from ten of
the L4 GHRSST-compliant products (AVHRR AMSR OI was excluded
from this analysis due to its short temporal overlap with all in situ datasets). Only days for which data existed for all combinations of in situ
and L4 GHRSST-compliant datasets were retained (1140 days, spanning
5.17 years). All data manipulations and analyses were performed in R
(R Core Team, 2018).

Table 3
Average bias (°C) of L4 GHRSST-compliant products in estimating coastal water
temperatures. A general tendency to overestimation is outlined. The magnitude
of positive biases is, however, higher in locations with intense upwelling
(UI ≥ 1.7 °C), and especially during the upwelling season, when average biases
increase from 0.27 to 0.55 °C (Δ is the increase in average bias from year-round
to the upwelling season at locations with strong upwelling). This suggests that
the characteristic cold signature of upwelling is underestimated by remotelysensed products.
L4 GHRSST-compliant
product

AVHRR AMSR OI
AVHRR OI
CMC0.2 deg
G1SST
GAMSSA
GMP
K10 SST
MUR
MW IR OI
ODYSSEA
OSTIA

When analysing the overall performance of blended L4 GHRSSTcompliant products (i.e., using year-round data from all locations
pooled together), we found that most products matched the year-round
reference dataset satisfactorily (Fig. 2). The combination of the Pearson's correlation coeﬃcient, the centred root-mean-square error and the
normalized standard deviation shows that overall performances ranged
from very good when using OSTIA and G1SST (combined PCC = 0.97,
CRMSE ≤0.26 °C, NSD ≥ 0.96) to good when using AVHRR AMSR OI
(PCC = 0.90, CRMSE = 0.44 °C, NSD = 0.94). Despite their good
overall performance, average biases associated with each of the
0.1

0.2

0.4
0.5

or
re
la

1.0

0.7
1

n

1.2

tio

Centred root mean square error (°C)

C

0.6

0.8
0.8
0.9
0.6

0.5

0.95
0.4

0.2

0.0

0.5

1.0

Upwelling
season

All shores

UI ≥ 1.7

UI ≥ 1.7

0.69
0.61
0.50
0.61
0.88
0.67
0.67
0.55
0.61
0.65
0.43

0.93
0.95
0.86
0.81
1.50
1.13
1.17
1.00
0.97
1.19
0.81

1.28
1.26
1.14
1.08
2.05
1.49
1.59
1.49
1.26
1.71
1.21

Δ

0.35
0.31
0.28
0.27
0.55
0.36
0.42
0.49
0.29
0.52
0.40

Fig. 2. Taylor diagram depicting the overall performance of each of the eleven L4
GHRSST-compliant products in estimating year-round coastal temperatures at all
studied locations at once. The coloured circles are used to distinguish between
each L4 GHRSST-compliant product, while the black circle represents the reference data collected by in situ loggers. The azimuth angle of each coloured circle
represents its correlation coeﬃcient with the reference dataset, the radial distance from the reference represents the amplitude of its temperature variation,
and the resulting CRMSE of each circle is shown by the concentric lines centred
on the reference. Most products performed similarly and generally match quite
well the year-round reference dataset. It should be noted that the assessment of
the worst performing product (AVHRR AMSR OI) was based on a shorter dataset
and over a restricted number of locations (see Table 2 for details).

0.3

1.4

Year-round

products indicate that most tend to slightly overestimate water temperatures near the coast (0.43 to 0.88 °C; Table 3), a ﬁnding consistent
with previous assessments using subtidal loggers (Flores et al., 2018;
Smale and Wernberg, 2009).
The second aim of this work was to determine if – and how – the
performances of blended L4 GHRSST-compliant products are inﬂuenced
by the steep thermal gradients typically originated by upwelling on
coastal waters. To that end, we restricted all subsequent analyses to the
upwelling season considering the ranking of the locations according to
the magnitude of local upwelling conditions. The values obtained for
the Upwelling Index were consistent with current knowledge on the
global patterns of upwelling (Fig. 1 and Table 1; Chavez and Messié,

3. Results and discussion

1.5

Yearround

0.99

1.5

Normalized standard deviation
AVHRR AMSR OI

AVHRR OI

CMC0.2deg

G1SST

GAMSSA

K10 SST

MUR

MW IR OI

GMP

ODYSSEA

OSTIA

In situ
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A

4

3

0.2

2.0

B

0.3
0.4
0.5

2
Centred root mean square error (°C)

n

0.7

tio

Upwelling Index (ºC)
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Average bias (ºC)

re

0

2
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3

C

0.6
2

0.8

0.9
0.8
0.6

0.95

0.5
0.4
0.99
0.2

0
0

2

3

4

0.0

Upwelling Index (ºC)

0.5

2.0

Normalized standard deviation

Fig. 3. Combined performance of eleven L4 GHRSST-compliant products tested in estimating coastal temperatures during the upwelling season at each of the studied
locations. Circle colours show the magnitude of upwelling (UI) at each location, from red (no upwelling) to blue (strong upwelling). A – The magnitude of average
biases between remotely-sensed products (all pooled together) and in situ temperatures increases with upwelling intensity (R2 = 0.81, f(40) = 175.34, p < 0.001. B –
Taylor diagram depicting the combined performance of all L4 GHRSST-compliant products (excepting AVHRR AMSR OI, excluded from this analysis because it did
not overlap with data from some locations). The black circle represents the reference data collected by in situ loggers. Estimating in situ temperatures using remotelysensed data is clearly more diﬃcult in locations with stronger upwelling. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to
the web version of this article.)

locations in western South Africa (Smit et al., 2013). It is worth noting
that at the other end of the spectrum, at locations with residual upwelling intensity, L4 GHRSST-compliant products tended to slightly
underestimate temperatures, displaying a consistent, albeit small negative bias (low left corner of Fig. 3A).
Although based on a short timespan of around 5 years, the comparison between the warming rates based on in situ datasets and on
remotely-sensed L4 GHRSST-compliant products suggests that these
tend to overestimate warming, especially in locations with strong upwelling regimes (Fig. S2; R2 = 0.16, f(158) = 30.03, p < 0.001). This
result also suggests that the patterns of reduced warming inside upwelling-dominated regions reported by Seabra et al. (2019) may be
underestimated.
Finally, our results also indicate that uninterpolated L3 data
(AVHRR L3 SST) can better resolve ﬁner temperature patterns near the
coast than any of the blended L4 GHRSST-compliant products (Fig. 5).
Even the direct comparison between G1SST (which was the L4
GHRSST-compliant product with best performance) and AVHRR L3 SST
shows that AVHRR L3 SST estimates better in situ temperatures. It has a
smaller average bias (0.32 °C, while G1SST has 0.97 °C), a smaller
CRMSE (0.64 °C, while G1SST has 0.66 °C) and an NSD closer to the
unit (0.96, while G1SST has 1.07), although its correlation with in situ
measurements is slighter lower (0.78, while G1SST is 0.80).
In situ water temperature measurements were recorded by loggers
attached to subtidal or intertidal substrate during high tide (i.e., at a

2009; Kämpf and Chapman, 2016). Compared to overall biases (yearround, all shores), biases under the most challenging conditions for
remote sensing of coastal SST (i.e., during upwelling season in locations
with strong upwelling – UI ≥ 1.7 °C, which includes all shores along the
western coast of Iberia and Chile) were substantially greater (1.08 to
2.05 °C; Table 3). The reduced performance associated with upwelling
intensity is evident in the Taylor diagram showing the combined eﬃcacy of all L4 GHRSST-compliant products in estimating in situ temperatures at each of the 42 locations studied (Fig. 3B).
This decreased performance of L4 GHRSST-compliant products was
revealed not only through a strong positive link between average bias
and upwelling intensity (R2 = 0.81, f(40) = 175.34, p < 0.001;
Fig. 3A), but also through a marked reduction of correlation values
(PCC decreasing from a maximum of 0.98 in several locations with noupwelling to a minimum of 0.44 in strong-upwelling Arrayan, Chile), a
lowering of accuracy (CRMSE increasing from 0.18 °C in Haifa, Israel,
to 1.46 °C at Los Burros, Chile) and an increase of variability (NSD
going from 1 in Biarritz, France, to 1.63 in Los Burros, Chile). Additionally, Fig. S1 shows in detail the drop in performance of every
single L4 GHRSST-compliant product across locations with increasing
upwelling intensity, suggesting that the overall decrease in performance
is pervasive among these datasets, instead of being driven by a subset of
particularly bad products. In some extreme conditions, daily estimates
of water temperature exceeded those recorded in situ by 6 °C (Fig. 4).
This large bias is in agreement with peak biases found for upwelling
In situ

Fig. 4. Comparison between in situ measurements (black line) and the range of
temperatures estimated by the best (G1SST) and the worse (AVHRR AMSR OI) L4
GHRSST-compliant products at Los Burros, Chile, the location with the highest
upwelling intensity in the current study (UI = 4.02 °C). The mismatch between in
situ data and the satellite-derived temperature estimates is particularly evident
during the upwelling season (grey box; combined average bias between both L4
products and in situ data 2.58 °C, PCC 0.58, CRMSE 1.43 °C, NSD 1.59), but is also
present outside of the upwelling season to some degree (combined average bias
between both L4 products and in situ data over the entire period 1.46 °C, PCC
0.78, CRMSE 1.36 °C, NSD 1.88).
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Fig. 5. Comparison between the performance of a L3 SST product (AVHRR L3 SST; brown circle) and the eleven L4 GHRSST-compliant products tested (remaining
coloured circles) in estimating coastal temperatures during the upwelling season at all locations with strongest upwelling (UI ≥ 1.7 °C; all Chilean and western Iberia
shores). A – The shape of the distribution of biases between remotely-sensed products (all pooled together) and in situ temperatures highlights a positive (warm) shift
in the blended products relative to AVHRR L3 SST. B – Taylor diagram depicting the combined performance of all remotely-sensed products. The black circle
represents the reference data collected by in situ loggers. Estimating seawater temperatures using L4 GHRSST-compliant data is clearly more diﬃcult in locations with
strong upwelling. AVHRR L3 SST overperforms L4 GHRSST-compliant data in these situations. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the web version of this article.)

rely on nearby pixels from all directions, coastal pixels are by deﬁnition
located at the edges of oceans, and thus interpolation will necessarily
result in the imparting of “oceanic” conditions to the coastal pixel.
Since the cold thermal ﬁngerprint of upwelling is closely associated
with proximity to land (Seabra et al., 2019), this process is likely to
result in the attenuation of the cool upwelling signal that is nonetheless
captured by in situ loggers. Secondly, the impact of land contamination
in coastal pixels may be exacerbated by the steep land-sea thermal
gradient typically found in locations with strong upwelling (Bakun
et al., 2010). Thirdly, high-resolution oceanic temperature data are
more likely to be missing at upwelling regions. There are two major
classes of satellite-born radiometers used to estimate surface temperature: microwave and infrared (see Table S2). Microwave radiometers
such as the Advanced Microwave Scanning Radiometer - Earth Observing System (AMSR-E) aboard the AQUA satellite or the TRMM Microwave Imager (TMI) aboard the TRMM satellite are not sensitive to
atmospheric water vapour (such as clouds and fog) but capture data at a
coarser spatial resolution (i.e., have footprints of several tens of km) and
are strongly aﬀected by land contamination, sea roughness and liquid
water (precipitation), which negates their usage at the oceans' margins
(up to 50–100 km from the coast). Radiometric data for coastal regions
is thus highly dependent on infrared instruments such as the AVHRR
aboard most NOAA satellites or the Moderate-Resolution Imaging
Spectroradiometer (MODIS) aboard AQUA and TERRA. These infrared
radiometers have higher spatial resolution (with footprints of 1 km or
less), but infrared transmittance is attenuated by atmospheric water
vapour (in the form of fog or clouds). Because fog is positively associated with upwelling (Johnstone and Dawson, 2010), coastal locations
with stronger upwelling might be more prone to have missing infrared
data, which would further increase the weight of more oceanic pixels
during the interpolation process associated with L4 GHRSST-compliant
products. In addition, it is known that the conservative approach followed by current cloud detection algorithms (where in clear areas, in
proximity of clouds and steep temperature gradients, valid readings
may be misclassiﬁed as clouds), often results in discarding cold SST
estimates, leading to positive biases over upwelling regions (Derrien
et al., 1993; https://oceancolor.gsfc.nasa.gov/atbd/sst/). Finally, since
shipping routes and buoy deployment locations typically avoid

depth of at least 1 m in all studied locations). These depths diﬀer
considerably from the depth of a few mm over which infrared or microwave radiometers acquire data to be subsequently converted into
surface temperature. Therefore, one could hypothesise that the observed warm bias of L4 GHRSST-compliant products when compared
with direct measurements in situ could have originated from the different depths at which these two datasets were collected across the
water column. The validation of this hypothesis is, however, dependent
on the veriﬁcation of several conditions. First, the water column had to
be strongly stratiﬁed, which is unlikely given the vertical mixing caused
by wave action in the surf zone where all loggers were located. Second,
the fact that L4 GHRSST-compliant products show higher bias in locations with stronger upwelling required a stronger stratiﬁcation in upwelling-dominated locations, which is also unlikely as the wind stress
that causes upwelling also promotes the vertical mixing of the water
column. It has been shown that wind speeds above 6 ms−1 ensure
vertical mixing to depths of up to 10 m (Donlon et al., 2002).
Third, the surface skin of the ocean is nearly always cooler than the
underlying water because the heat ﬂux is nearly always from the ocean
to the atmosphere (Minnett et al., 2011), which would induce a bias in
the opposite direction than the warm bias here reported. Still, one could
argue that under exceptional conditions (during daytime, at low wind
speeds, and under high insolation) a strong thermal stratiﬁcation could
develop (Donlon et al., 2002) and for some unknown reason these
conditions occurred more frequently in upwelling-dominated regions.
Even then it should not be the cause for the observed warm bias as L4
GHRSST-compliant datasets are corrected for depth during their production. All L4 GHRSST-compliant datasets provide temperatures at
some sub-surface depth, which in most products is the foundation SST
(SSTfnd), but in some is 0.3 m or 1 m (see Table 2 for details). SSTfnd is
the temperature at depth, free of diurnal temperature variability
(Donlon et al., 2002), and thus it should be directly comparable to the
bulk temperature measured by the shallow-water loggers in the wellmixed surf zone.
Alternatively, a range of other factors that are speciﬁc to coastal
regions and to locations with strong upwelling may be intensifying the
warm bias found in remotely-sensed coastal temperatures. Firstly, while
the spatial interpolation process for pixels farther from the coast can
8
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proximity to the harsh conditions found in the surf zone, correcting for
all these factors is further complicated closer to the coast due to a lack
of in situ temperature readings.
The coastal temperature mismatches identiﬁed are complex and
hard to model and could have wider implications for the study of the
oceanography, biology and ecology of coastal locations, especially
within upwelling regions, which are among the most productive coastal
areas on the planet (Pauly and Christensen, 1995). Our results show
that, while reasonably accurate elsewhere, blended L4 GHRSST-compliant products fail to properly resolve the thermal environment present
in coastal upwelling locations during peak upwelling season. Since the
thermal proﬁles estimated from remote-sensed data and recorded by in
situ loggers were found to diﬀer substantially in locations with strong
upwelling (Figs. 3, 4), and that this mismatch may have been intensiﬁed
over time (Fig. S2), caution should be taken when interpreting the results from previous trend assessments of coastal sea surface warming
(Lima and Wethey, 2012; Rouault et al., 2010; Seabra et al., 2019;
Varela et al., 2018) or marine heat wave frequency (Crabbe, 2019;
DeCastro et al., 2014; Holbrook et al., 2019) in upwelling locations.
Also, even though previous studies have used spatial gradients in
temperature derived from L4 GHSST-compliant data (and not the absolute temperature values per se) to clearly identify upwelling areas
(Vazquez-Cuervo et al., 2013; Vazquez-Cuervo et al., 2017), our results
suggest that it is also important to validate these methodologies. Furthermore, additional caution is warranted when interpreting assessments of organismal thermal stress levels and the frequency of
breaching of upper physiological limits based on L4 data (e.g., King and
Sebens, 2018; Seabra et al., 2016), as the magnitude of the biases here
reported indicates that they are likely to be overestimations. Importantly, our results also show that, while likely more accurate, even
analyses based on L3 data (e.g., Demarcq, 2009; Santos et al., 2012) do
not entirely reﬂect the conditions experienced by coastal organisms
(Fig. 5). Thus, in most situations, the increased performance associated
with the use of L3 products is unlikely to oﬀset their typical spatial and
temporal inconsistency along coastlines, which severely limits their use
for analyses requiring long, uninterrupted datasets, (e.g., characterization of marine heat waves).
Taken together, such misrepresentations of the thermal envelope of
upwelling locations hinder the understanding of the biogeographic
patterns of coastal organisms (Seabra et al., 2015), the identiﬁcation of
cold areas that may provide climate refugia (Rilov et al., 2019; Seabra
et al., 2019), the forecasting of climate change impacts (Bates et al.,
2018), and downplay the relevance of upwelling regions for the conservation of coastal biodiversity in the context of global warming
(Lourenço et al., 2016; Seabra et al., 2019).
The limitations here described regarding the performance of L4
GHRSST-compliant products in upwelling regions are in-line with those
highlighted in the OceanObs19 Community White Paper (O'Carroll
et al., 2019). The mismatch between in situ water temperatures and
remotely-sensed estimates strongly supports the recommendation for an
increasing focus on the exploitation of satellite observations in conjunction with in situ SST measurements (O'Carroll et al., 2019). Crucially, the sustained implementation of vastly wider monitoring networks of in situ coastal temperatures is becoming increasingly feasible,
particularly given the relatively reduced cost of maintaining such networks based on collaborative eﬀort, and the recent progress in the
development of miniaturized temperature loggers (which now oﬀer
higher resilience and autonomy; Judge et al., 2018; Lima et al., 2011).
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