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Abstract The occurrence of sea surface temperature (SST) extremes may provoke profound impacts on
ocean health. In the last decade, much effort has been dedicated to understanding and systematically describing
marine heatwaves (MHWs) and cold spells (MCSs), defined as prolonged periods of anomalously warm or cold
SSTs at a given location, respectively. However, an objective and agreed detection criterion for such extremes,
applicable to past and future climates alike and separating the effects of climate variability and change, is still
missing. Analysis of four decades of global daily satellite-based SST data show that the identification of
extremes is strongly dependent on the chosen data set and algorithmic choices that are difficult to set
objectively. Sensitivity to the reference period (baseline) occurs because the warming trend shifts SST
anomalies away from the baseline, resulting in a global increase in MHWs (moderate and strong) and a decrease
in MCSs (strong and extreme). Here we show that the contributions from climate change can be effectively
isolated by applying a data-driven approach based on the singular spectrum analysis, which, unlike linear
detrending, does not assume a prescribed behavior for the trend. Detrending removes long-term changes in the
occurrence of SST extremes, and also affects the metrics (such as intensity and duration) widely used to
characterize these events. Data set intercomparison reveals possibly spurious MHW events in the early 1980s
and quantitative discrepancies in the representation of long-term variability.

Plain Language Summary Prolonged periods of anomalously warm or cold sea surface
temperatures are tied to weather systems and may impact ecosystem functioning. Many previous studies
analyzed these extreme events in detail, including their effects and drivers, but their definition remains
somehow contentious because of the non-stationarity of our warming climate system, and of the uncertainties
related to the choice of a reference period. In this work we propose a methodology to isolate the effects of a
warming background in the detection of sea surface temperature extremes, by means of a rigorous statistical
technique. We find that the contribution of global warming varies spatially, and that the role of climate
variability is dominant in regions such as the tropical Pacific Ocean. As found in previous works, overall
warming leads to more frequent warm and rarer cold extremes at the global scale.

1. Introduction

Interest in marine temperature extremes has considerably increased during the last decades largely motivated by
the impacts that these events have on ecosystem structure and functions, and human activities at sea (Smith
et al., 2021). Marine heatwaves (MHWSs) and marine cold spell (MCSs) are extended periods of anomalously
warm or cold sea SSTs compared to a reference baseline, respectively. Operationally, a MHW/MCS is identified
when SST exceeds (i.e., gets above/below, respectively) a percentile-based threshold of the historical SST dis-
tribution at a specific location for a certain number of consecutive days (A. J. Hobday et al., 2016; A. Hobday
et al., 2018; Schlegel et al., 2021). This definition is meant to provide a simple and useful framework for
quantifying and studying extreme temperature events in the ocean, allowing researchers to understand their
occurrence, dynamics, and impacts on marine ecosystems, and policymakers to define mitigation strategies to
adapt to these changes (Kajtar et al., 2024).

The definition of these extremes thus requires the definition of a suitable reference period for calculating a normal
state, that is, the reference baseline or climatology, which is typically set as a 30-year period according to A. J.
Hobday et al. (2016) and to the recommendations of the World Meteorological Organization (WMO). However, it
has been noted that the definition of extremes based on climatological percentile thresholds, such as MHW and
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MCS, is highly sensitive to the choice of the reference baseline (Thomas et al., 2023). This consideration becomes
even more significant in the context of the ongoing global warming, which is gradually shifting average tem-
perature conditions over time. In practice, if the reference baseline remains fixed, the temperature record will
increasingly deviate from climatological values due to the long-term warming trend. This warming effect (Xu
et al., 2022) results in increasing the occurrence and intensity of these extremes (Frolicher et al., 2018; Marullo
et al., 2023; E. C. Oliver et al., 2021), possibly leading to a permanent MHW status in the future (Anav
et al., 2024; Tanaka & Houtan, 2022). Several methods have been proposed to circumvent this problem, such as
using a shifting baseline (Chiswell, 2022) or detrending the data prior to analysis (Ciappa, 2022; Martinez
et al., 2023), or by adopting dynamical thresholds (Kashkooli et al., 2025; Smith et al., 2024). For observed data;
linear detrending is widely used to evaluate whether anthropogenic trends influenced the occurrence of MH
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events (Capotondi et al., 2024). Because of the relative shortness of the observational record, which spans fou
decades, it is anyway not easy to diagnose the contribution of internal and forced variability (L. Dong et al., 2024
To this end, model outputs or extended SST reconstructions have also been used (E. C. J. Oliver et al., 2018; Pil
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et al., 2019), but such data are less reliable and/or comprehensive than satellite measurements.

Although a general consensus on the choice of the baseline remains elusive, there is a broad interest to separate th
long-term warming trend when identifying extreme events, aligning with the basic idea that a MHW/MCS shoul

erqr®uUfuo /(a"/\R ud (s

denote a transient and abrupt anomaly relative to the expected local conditions in a given location. Trend remov:
helps re-establishing stationarity of local conditions, which are otherwise subject to changes due to glob.
warming. Additionally, the appropriate algorithmic parameters choices (i.e., percentile threshold and minimu
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duration) might depend on the application of interest since ecological and biological responses can be diverse an
complex (M. Li et al., 2024; Lubitz et al., 2024; Smith et al., 2023). For example, fixed temperature threshold
have been identified from the upper thermal limit of specific marine organisms, that is, the temperatures abov
which biological functions become impaired. This approach assumes that physiological limits are well adapted tg
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the local conditions. However, at ecosystem level, where different ecosystem functions might have divers:
temperature sensitivities, moving thresholds (percentile based) could be more appropriate (Gruber et al., 2021
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Furthermore, the statistical methodology does not disclose the role of the main drivers and/or processe
responsible for the development of SST extremes. Indeed, they can be caused by a combination of atmospheri
forcing and oceanic conditions/regimes, and can thus reveal different signals/processes also depending on th
spatial scale considered (Holbrook et al., 2019). For instance, higher intensity MHWs are generally found i
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major western boundary currents, and in the eastern equatorial Pacific, where El Niflo-Southern Oscillatio
(ENSO) events occur. In regions influenced by ENSO, events can persist for up to 2 months (Diaz & Mark
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graf, 2000; Holbrook et al., 2019). However, areas displaying greater frequencies and shorter duration events
abnormal warmer SST (and, in some cases, with higher intensities), may also be identified as MHW, though likel
reflecting local variability in associated frontal position and related instabilities (e.g., see Figure 1 in Holbroo
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et al. (2019)). Upwelling regions, such as the Agulhas current, can be associated with MCS events, which lik
MHWs can have devastating effects on marine ecosystems (Lubitz et al., 2024). However, a detailed analysis o
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the drivers of MHW:s is beyond the scope of the present work; a useful model-based discussion can be found in th
recent study by Bian et al. (2024).
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In this work we use gap-filled satellite-based SST products to investigate the sensitivity of MHW and MC
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detection to algorithmic choices, illustrating the sensitivity to the key parameters such as the baseline period, th:
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minimum duration and the threshold adopted, in a controlled setup and without ad-hoc choices, unlike, fo
example, Chiswell (2022). Additionally, the analysis is performed by decomposing the SST signal into low- an
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high-frequency components to respectively account for long-term changes and climate variability on the resulting
extreme metrics, which are often used for both research studies and applications. This work is organized as
follows: Section 2 provides information on the data used and methodological aspects, in Section 3 we present the
results of our analysis, and Section 4 provides conclusions and perspectives for future work.

2. Methods and Data
2.1. Satellite SST Data

Accurate satellite observations have been providing continuous global mapping of SST for over four decades
(Minnett et al., 2019), allowing for its exploitation in climate studies and applications. The main SST satellite data
record used in this work is provided by the European Space Agency (ESA) Climate Change Initiative (CCI) and
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the Copernicus Climate Change Service (C3S) (Merchant et al., 2019). This data set (version 2.1) provides daily
global gap-free maps of SST at 20 cm nominal depth on a 0.05° X 0.05° regular grid, for the period from
September 1981 to December 2022, based on thermal infrared measurements by the polar-orbiting Advanced
Very High Resolution Radiometers, Along-Track Scanning Radiometers, and the Sea and Land Surface Tem-
perature Radiometer. This data set has been produced by running the Operational Sea Surface Temperature and
Sea Ice Analysis (OSTIA) system (Good et al., 2020). Performances of the data set have been evaluated for the
period 1991-2012 as follows: its accuracy has been quantified in terms of bias of —0.04 K, computed as the global
median difference of satellite minus drifting buoy SST; standard deviation of 0.34 K, computed as the robust

"‘3

standard deviation of differences of satellite and drifting buoy data; stability between —1.51 and —0.05 mK/yea
computed at the 95% confidence interval for the relative multi-year trend between SSTs and the Global Tropicaf:

p

Moored Buoy Array. Some anomalous features have been evidenced, such as the apparently erroneous SSTs i
1982/3 likely due to the concomitance with the El Chichon eruption and the 1982/83 El Nifio event, as evidence
in the SST CCI Climate Assessment Report (ESA, 2019).
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Given its wide use in the literature, we also consider the daily OISST (Optimally Interpolated SST) data s€
(Huang, Liu, et al., 2021), produced by the National Oceanographic and Atmospheric Agency (NOAA), which i
based on a combination of AVHRR infrared measurements, ship and buoy data. Version 2.1 of this data se
(hereafter, NOAA) is available on a 0.25° x 0.25° spatial grid, with improvements over previous version
attributed to a revised processing of input in situ observations. A cold bias over the global oceans similar to CC
v2.1, but reaching up to —0.08 K in the Indian Ocean, has been identified (Huang, Liu, et al., 2021). Selecte
analyses for this data set can be found in Supporting Information S1, with some basic comparison between th
CCI and NOAA data set in Figure S1 of the Supporting Information S1.
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2.2. Data Preparation

Data preprocessing prior to analysis includes sea-ice masking considering only grid points never contaminated b
ice and then remapping SST to a 1°X1° longitude-latitude grid. This is useful both to improve computation
efficiency and for consistency with other relevant global data sets, such as the OceanSODA for biogeochemistr
(Gregor & Gruber, 2021), so as to facilitate further ocean health studies. It is worth noting that relevant glob:
studies such as Chiswell (2022) and Peal et al. (2023), used different SST data sets, but both similarly down
sampled the input data. On the other hand, the spatial characterization of multiple data sets presented in Yan,
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et al. (2021) revealed that variability significantly declines for scales smaller than 100 km, thus motivating th
analysis of SST extremes on the chosen grid.
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The singular spectrum analysis (SSA) is a quite classic technique for time series analysis which has been applie®
in various fields of the physical and biological sciences, especially for relatively short records (Ghil et al., 2002

geot

Schoellhamer, 2001). This method is designed to extract information on the dynamical system that generates
given time series, by decomposing the series in interpretable components ranging from trends to oscillator
modes and noise. Mathematically, the analysis starts from embedding a time series X = X(¢) of length N in
vector space of dimension M. This means that we construct a sequence of N/ = N — M + 1 vectors o
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dimension M as copies of portions of X each shifted by one. The sequence of this so-called augmented vector:
(Ghil et al., 2002) is used to construct the N’ X M trajectory matrix D (Broomhead & King, 1986) composed b,
N’ rows containing the augmented vectors and then to calculate the covariance matrix C = —DTD The choic
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of size M depends on the competing requirements to best resolve the spectral dependence of the various coma
ponents while preserving a sufficient number of repetitions of the oscillatory modes of eventual interest. That is,
having a value of M as large as possible while keeping the number of repetitions of the M/N cycles reasonable,
and also considering avoiding a covariance matrix C too large to diagonalize. As also suggested by Ghil

eua

et al. (2002) we use M = N/ 10 (i.e., 4 years) as a compromise between these competing needs.

Through the SSA, a time series can be reconstructed by only using a subset of k principal components A;, obtained <
by projecting the original time series into each EOF. Dominant frequencies (determined by spectral analysis) can
be associated with each eigenvector, therefore it is possible to limit the reconstruction to a chosen frequency
interval (which depends on the choice of M). When the gravest principal component is removed, this is equivalent
to a nonlinear detrending, with periodic and quasi-periodic oscillations, such as ENSO, and seasonal and higher <
frequency signals retained. Compared to other methods, the advantages of the SSA are its non-parametric nature,
best suited to represent trends which may vary over time, and the avoidance of spectral distortion, common with ¢
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filtering approaches (Feliks et al., 2013). We label the resulting detrended time series SSA1, since only one mode
is subtracted; alternatively, we subtract multiple eigenmodes with period below 1 year, that is, from the seasonal
cycle to trends, and the corresponding time series is named SSAM. For comparison with previous works, we also
include a linear detrending approach (LIN) which helps us understanding the effects of assuming a simple
functional shape in the preprocessing step. Hereafter, we generically refer to these procedures as detrending.

2.3. Extremes Detection Algorithm and Validation

The starting point is the use of the standard Hobday's detection algorithm, that is,: 1991-2020 period to calculate,
the baseline climatology (following the WMO), the lower/upper deciles for thresholds (for MCSs and MHWs
respectively), 5 days for the minimum duration, and 2 days for the maximum gap between events, meant to reduc

O

effects due to noise (e.g., spikes). Then, sensitivity to these parameters is explored in detail in Section 3, where wi
consider four locations of interest, namely grid points corresponding to the Gulf of Lyon (6°E-42°N), th
equatorial Pacific (150°W-0°), the North Pacific (145°W—47°N), and the Tasman Sea (151°E—42°S). Thes:
locations are chosen since they have witnessed frequent MHW:s in the last decades (A. Hobday et al., 2018; E.

1 @o @udhi
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J. Oliver etal., 2018), and they are affected by long-term warming and substantial climate variability, for exampl
due to ENSO. These regions are also mentioned in Capotondi et al. (2024) among the most MHW-affected re
gions not just in the historical record, but also in the last years. Wider regions, illustrated in Figure S2 of th
Supporting Information S1, are used to increase the sample size to characterize the statistics of extremes in thes:
hotspots. A MHW/MCS category is defined as the number of times a SST anomaly exceeds the difference be

70U
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tween the percentile-based threshold and the climatology, and category O means no event (i.e., SSTs n

exceeding the threshold). Following A. J. Hobday et al. (2016) and Gruber et al. (2021) here we consider a numbe:
of metrics useful to characterize the properties of extreme events, such as the cumulative intensity (the integral o
the daily anomalies over the duration of an event), the maximum (for MHWs) or minimum (for MCSs) anomaly -
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the recurrence (calculated as the number of days between the end of an event and the onset of the next) and even,
duration.

We also compare the MHW results with the data set produced by NOAA under the Coral Reef Watch (v1.0.1
project (CRW hereafter). This data set provides MHW categories data from 1985 to present computed with
Hobday-like methodology (with a 1985-2012 baseline), using the CoralTemp SST (Maturi et al., 2017), which i
based upon polar-orbiting and geostationary infrared imagery. Although not specified in their documentation, w
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o

have verified that events shorter than 5 days (according to Hobday's default approach) in the CRW data set are no
filtered out (not shown). To match the spatial resolution of our CCI-based data sets, the data are remapped b
taking the categorical mode for each 1°X1° pixel, thus allowing direct comparison.
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3. Results and Discussion

3.1. Low-Frequency Variability and Detection of Extremes

Anneal) ajqedl)

The occurrence of MHWSs and MCSs is tied to variability at different spatial and temporal scales (Sen Gupt
et al., 2020), and one major source influencing their occurrence is the long-term change due to global warmin,
illustrated in Figure 1. Most of the globe is characterized by a warming trend, which is stronger at mid-latitude
(up to 0.5 K/decade), such as in the North and South Pacific. Limited areas with neutral or negative trends ar
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found in the equatorial Pacific Ocean (likely due a long-term increase in persistent La Nifa events, X.
et al. (2023)), in the Southern Ocean (Y. Dong et al., 2023) and in the North Atlantic (associated with the Nort
Atlantic warming hole, Keil et al. (2020)).

asua!

To separate the contributions of long-term changes and short-term climate variability, we apply an SSA-based
method to remove low-frequency variability. To illustrate the effects of this procedure, SST time series and
Fourier spectra for pixels in the equatorial Pacific and the Tasman Sea are shown in Figures 2a and 2¢-2f and in
Figures 2b and 2g-2j, respectively. The variability in the two locations is very different: in the former, ENSO is
the dominant signal, with well-defined warm anomalies exceeding 3 K followed by weaker and lingering cold
anomalies; in the latter, variability has faster timescale and the magnitude of the anomalies is smaller (less than
2 K). The effects of preprocessing are different in the two areas, since in the equatorial Pacific linearly detrended
and RAW SSTs overlap, and the SSA1 reduces the amplitude of the peaks, whereas in the Tasman Sea the SSA1
is more efficient than the LIN approach to remove long-term trends. In both cases, SSAM-based anomalies match
the other time series especially when they change sign, likely since weather-related processes are leading such ¢
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Figure 1. Linear trend of sea surface temperatures for the period 1982-2022, in K per decade. Regions with sea ice are
masked, and significant trends (p < 0.05) are dotted.
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periods. In terms of spectral analysis, for the Pacific Ocean, in the RAW data set (c), peaks are visible with periodg:
between 3 and 7 years in the RAW and LIN data sets (Figures 2c and 2d), whereas for SSA1 (e) the variabilit;
with periods longer than 10 years is reduced, and the rest of the spectrum is unaffected. Although no significan
variability is removed for LIN and SSA1 in the Tasman Sea, with SSAM (Figures 2f and 2j) all the spectral powe!
with periods larger than 1 year is obliterated, leaving the signal corresponding to intraseasonal and faster modes o
variability in the SST field only.
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3.2. Sensitivity to Parameters Choice
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The MHW/MCS detection algorithm depends on a number of numerical parameters, and here we show ho
results are affected by their settings for selected grid points. In this section we focus on CCI SST, as results for th
NOAA data set are qualitatively similar. Although the long-term linear SST trend (Figure 1) certainly has ai
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impact on the occurrence of extremes, in some regions low-frequency variability or long-term changes can b
strongly nonlinear. We test the sensitivity of MHW detection to five different baselines periods: 1983-2012
1985-2012 (A. J. Hobday et al., 2016), 1991-2020 as suggested by WMO, 1993-2021, often used in altimetry:
based studies, as well as the full period (1982-2022) (Figures 3a—3d). The number of extreme days is compute
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for events of any category above 0. For the RAW data set a clear dependence on the area chosen is observed, sinc

R
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results for earlier (e.g., 1985-2012) baseline periods differ from the most recent ones (with reductions up to 50
except for the equatorial Pacific area. This can be explained by the different warming trends in that area (Figure 1

S aree

which, unlike other locations, are near zero or slightly negative. At all locations but the equatorial Pacific, for th:
RAW case using the full period for the climatology increases the detection rate compared to the WMO o

AlTRD.

altimetry baselines, almost doubling it in the North Pacific. For detrended data sets, as expected, results are nearl
stationary across the different baselines, with variations of a few percent at maximum, and the agreement with th
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RAW data set is larger for the WMO baseline. Some nonlinearity is seen for the equatorial Pacific, with the 19932
2021 being the baseline with more events overall. It is worth noting that the SSA1 approach is more effective tha
LIN at removing the dependence on the baseline, as also discussed based on Figure 2b.
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The threshold to identify a MHW is generally chosen as a tradeoff between the rarity of the events identified an®
the adequacy of the resulting sample size for applications. Most studies use the 90th percentile of the distribution
at each point, meaning that roughly ten out of one hundred days would be identified as extreme. Actually, the
number will be smaller since further algorithm steps (such as checking on the minimum duration) filter some of
the events detected. Figures 3e-3h shows that the detection rate varies almost linearly (from 20% for the 80th to
1% for the 99th) with the chosen percentile at all locations, and this applies to both RAW and detrended SST time <
series. Among these locations, detection rates are larger even for the lower percentiles in the equatorial Pacific,
likely due to the fact that MHWs are modulated by slowly evolving processes in that area, therefore they are not
removed by checks applied on the minimum duration of the events.

Finally an important parameter we test is the minimum duration of the events (Figures 3i-31). As it is common
practice, we disregard events shorter than 5 days, since they are expected to have a reduced impact on marine
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Figure 2. Monthly mean SST anomalies in the Nifio 3.4 (a) and Tasman Sea (b), and Fourier spectra for the corresponding
daily time series (c—f, g—j), following different preprocessing. In (c—j), peaks above the red line are significant compared to
red noise at the 0.95 confidence level and thin vertical lines indicate 7, 3, and 1 years (from left to right).

ecosystems (Kauppi & Villnis, 2022). We find that the detection rate strongly depends on the minimum duration

parameter, with a faster drop between 5 and 15 days, and falling below 2% when the minimum duration is 25 days.
Interestingly, the reduction is more gentle for the RAW and SSA1 data set in the equatorial Pacific (Figure 3i)

compared for example, to the Tasman Sea (Figure 31) again due to the timescales of the underlying ENSO forcings
(also compare Figure 2a), whereas results are similar to other cases for the SSAM preprocessing. The results for

LIN are generally close or somewhat higher than the RAW case across the regions considered, especially for

shorter events.
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Figure 3. MHW detection sensitivity for the CCI data set to selected detection parameters: (a—d) the climatological baseline,
(e—h) the percentile threshold, and (i-1) the minimum event duration.

%Aneeo

A similar analysis for cold spells is presented in Figure 4, and results for percentile threshold and minimu
duration are consistent with those found for MHWs. Interestingly, the number of MCS events detected is highe

we)

W

for the RAW data set, which may depend on asymmetries of the underlying SST distribution. Since less MCSs ar
expected owing to global warming, Figures 4a—4d clearly shows how choosing a later baseline (e.g., 1991-2020
generally increases the number of detected events. In fact, in the absence of other sources of low-frequencyy’
variability, a warmer climatology would favor the detection of cold extremes in the early portion of the re§
cord. In regions with strong trends (e.g., b—c), the difference goes from 50% to 100%. In turn, in areas affected by
ENSO (Figure 4a) detrending (both LIN and SSA1) does not lead to a reduction of events for such later baselines,

since trend is not dominant in those regions (Figure 1).

1'5u0

3.3. Characteristics of Extreme Events

A globally averaged and annually aggregated analysis of MHW/MCS categories can be used to understand long-
term changes in extremes and their change upon detrending. In Figure 5, we show the temporal evolution of
extreme events by considering the fraction of the ocean covered by an extreme of a certain category. A summary
of the linear trends (% per decade) for MHWs and MCSs for the various detrending applied is given in Table 1.
For MHWs, moderate and strong events appear to be increasing in recent years, whereas MCSs are decreasing
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Figure 4. Same as the previous figure, but for MCS events in the CCI data set. Note that in (e-h) the percentile used for
detection is 100 minus the value on the abscissa.

BAIIRAID 3[qed|

across all categories, with category 2 showing more marked changes. The magnitude of the trends in the non
event category (category 0) is similar for the two kinds of extremes. Likely due to the small sample size!

wonH

trends in most severe events are insignificant. In agreement with Peal et al. (2023), there is a long term increase i
MHW and a reduction of MCS events with time when the trend is not removed. Interestingly, they have found tha
MCS of Cat 3 and 4 have remained constant with time, whereas in our case there is a reduction of Cat 3 and onl

7 suotu

Er]

Cat 4 events show no significant trend, and we do not find the increase of extreme events discussed by Pea

Isu

et al. (2023) either. We note that a source of discrepancy with previous works is that we exclude grid points with
sea ice coverage, which could introduce spurious drifts in areas becoming ice free for a longer part of the year,
such as the Southern and the polar oceans.

For both MHWSs and MCSs, the effects of detrending are clearly visible for the SSA1 and SSAM cases, as for
example, the trends in the ocean experiencing no events (Cat 0) virtually disappear after detrending. Decadal
changes in individual categories are more complex and generally insignificant, but for MHWs the removal of
long-term trends done for SSA1 tends to promote the occurrence of moderate events at the expense of stronger
ones. Conversely, for MCSs, the extreme category is more likely after detrending, which suggests different
mechanisms driving these two extremes, as also discussed by Wang et al. (2022).
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Note. Bolded values indicate significant trends (p < 0.05).

ence is increased with the SSA1 approach compared to LIN. MCSs frequently
appear along Western Boundary Currents regions (Figures 7a—7d), and this is
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Figure 5. Time series of the fraction of the sea where the annual heatwave (left column) and cold spell (right column) = E

extremum is category O (no event detected, gray), 1 (moderate), 2 (strong), 3 (severe) or equal or beyond 4 (extreme) for the @ >

(a—e) RAW, (b-f) LIN, (c—g) SSAI, and (d-h) SSAM data sets. % -E

Qg

It is informative to compare the results obtained for CCI with those based on the NOAA SSTs, reported in Figur% ;

S3 of the Supporting Information S1. For the RAW case, the trend in Cat 0 is more marked for both MHW s an(§_ %

MCSs. Although the results for the LIN and SSA1 detrending methods are in good agreement with the CCI caseg g

the trends in Cat 1 and Cat 2 in SSAM remain apparent throughout the time series. This would suggest that whil% 5

the representation of large-scale drivers in the CCI and NOAA data sets is consistent, there may be discrepancieg 5

for smaller scale events. Differences may depend on a variety of factors, such as the input data considered, or ho n.;\

atmospheric correction is performed. a—g

o &

~

Spatially resolved analysis of the MHW/MCS metrics and their changes haQ §

been reported previously (Chiswell, 2022; Peal et al., 2023), and here w%,&

discuss how results change when applying different detrending methodsq §

- . Lo . ., .0o®

Table 1 Figure 6 shows spatial maps of MHW average cumulative intensity, which 1% ;:?-'
Global Linear Trends (as Change in 1°X1° Pixels, in % Area Per Decade) one of the most relevant metrics for impacts (Garrabou et al., 2022; Smitlg 5
for Warm and Cold Marine Extremes by Category, for All Preprocessing et al., 2023), as it combines duration and intensity. The tropical Pacific is the é
Cases major hotspot of MHW events (Figures 6a-6c¢), followed by the regions witle 2
Event/Processing Cat 0 Cat 1 Cat 2 Cat 3 Cat 4+ strong frontal activity, such as the Gulf Stream or Kuroshio currents, a$ %
. . . )

MHW/RAW _8.74 4.09 4.66 0.12 —0.13 already sh.()wn l?y Chiswell (2022), which remains also after the SSAM 3
preprocessing (Figure 6d). The departures of LIN and SSAI from RAW are 3

MHW/LIN 0.88 249 =173 —1.25 —0.37 . .. . . .3
spatially similar, but SSA1 more effectively suppresses the MHW signal in @

MHW/SSAL 127 kD =2l —Li(5 = the southern hemisphere, whereas SSAM is more negative everywhere except E
MHW/SSAM 0.49 4.62 —1.29 —2.67 —-1.15 for coastal regions in the northern hemisphere (Figures 6e-6g). As expected £
S~

MCS/RAW 9.57 —0.49 -7.05 —1.86 —-0.16 from Figure 1, the nonlinear detrending (SSA1) removes much of the long- §
MCS/LIN 0.75 0.33 ~1.04 —0.12 0.08 term changes in MHW intensity Figures 6e—6g, whereas trends are further 3
MCS/SSA1 0.08 0.50 084 0.04 0.22 re(?uceid gl}obally for the SSAM case. .For MHWs, we find that p‘ixel-level g
noise is still apparent at the 1° resolution used here, and that spatial coher- <

MCS/SSAM 0.46 1.40 —-1.72 —0.46 0.32 P
E
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Figure 6. Spatial maps of average cumulative intensity of MHWs (expressed in K day, a—d), corresponding differences
between detrended and RAW data sets (e—g), and linear trends (in K day/decade, plots h-k, with areas above the 95%
confidence level dotted).

little affected by the detrending applied. Turning our attention on MCSs, the effect of detrending is not only t&_

the cumulative intensity (whlch is negative, by definition) except for more severe events occurring in the tr0p1c£[§
Pacific, Southern Ocean and in the Gulf Stream region. Both LIN and SSA1 lead to a negative trend in the latteg
regions, frequently accompanied by a compensating response in surrounding areas, such as in the southerig
Atlantic and Pacific. e

Q
To compare with previous works, the same analysis is repeated for the NOAA SSTs, reported in Figures S4 an(%
S5 of the Supporting Information S1. Despite a good agreement on the large scale patterns, the detailed structur®
of the trends is different; with MHW:s exhibiting a less intense negative trend in the tropical Pacific and Indlarg
Oceans and a stronger trend in the Atlantic. The main differences in MCS trends between the two data sets aré
found across the Pacific, at all latitudes. It is worth noting that the departures of the LIN and SSA1 detrending;
from RAW are less marked compared to CCI in the Southern Ocean and more prominent in the North Pacific, a§
seen in maps e—f. °

Given long-term changes and the effects of detrending, an important metric to monitor is the recurrence of the
events. In this case, we compare the average for MHWs and MCSs over the period 1982-2022 (Figure 8), which
shows how SSA-based detrending (c—d and g-h) tends to reduce the interval between events, likely because
weaker but more frequent events are promoted. This effect is mostly visible for the SSAM case for both MHWs
and MCSs, for which the recurrence is more than halved in the tropics, where ENSO is a dominant mode of
variability. Interestingly, this does not appear to be the case globally for the LIN detrending, as recurrence times
are actually increased in the tropical Pacific and Northern Atlantic (h). Discrepancies in this metric between
MHW and MCS suggest that their sensitivity to a warming baseline is different (Peal et al., 2023).
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Figure 7. As in the previous figure, but for MCSs.

To further quantify the effects of detrending, we present in Figures 9 and 10 the distribution of the main MHW:
MCS metrics, across selected hotspot regions (Figure S2 in Supporting Information S1). Most distribution:
(except that for the maximum intensity, plots e-h) are heavy-tailed, with a shape depending on the selected area$

[SeE)

po

The largest tails, especially for intensity metrics, are found in the equatorial Pacific area, more markedly fo
MHWs, due to the modulation of ENSO (Figure 9), as peaks are only marginally affected by detrendin

&deByTAq

(Figure 2a). Compared to RAW, intensity metrics are reduced on average by 10% for the LIN case, and by 20% f
the SSA1 case in all regions except for the equatorial Pacific. Comparing Figures 9 and 10, markedly differen

J'8|qeo!

responses to detrending between MHW and MCS events can be noted for the Gulf of Lyon region, as detrendin
has little impact for MHWs, whereas for LIN and SSA1 MCS duration is progressively reduced. The recurrenc

es

period, as already found in the previous section, is actually longer (more than doubled for the Gulf of Lyon and =
North Pacific) after the LIN preprocessing for MCS (Figures 10m-10p), whereas it is similarly reduced fo
MHWs (Figures 9m-9p). The impact of SSAM is qualitatively the same of SSA1, but much more pronounced:
distributions tend to be close to each other after such aggressive preprocessing. This indicates that commo
driving processes remain when retaining only intra-annual timescales.

wwiod o

9017 SUd

To validate our MHW detection with the CCI data set, we now provide a comparison with the independent CRV\?D
product. Time series of the area of the ocean affected by MHWs is reported in Figure 11a. Results for the CRW
and the CCI data set with the same baseline (1985-2012) are in good agreement, but there is a small systematic
offset which may be due to the different underlying SST data sets and the inclusion of short events in the CRW
product. The major source of interannual variability in the CRW and non-detrended CCI data sets is represented
by El Nifio events (peaks around 1983, 1997, 2010, and 2016). However, these data set. also show heightened
occurrences of MHW: s in the last decade, despite the triple-dip La Nifia in 2020-2022 (X. Li et al., 2023), which
are due to long-term warming trends. Although the CRW data set is unavailable for the early portion of the record,
all CCI data sets display overall maxima of occurrence (almost 30% of the global ocean under MHWs for RAW,
more for the detrended data sets) in that period, when a major El Nifio occurred (Caviedes, 2001). Nevertheless,
these values, which are also present in the analysis of Peal et al. (2023), may be due to SST artifacts present in the
early record, and they do not appear in the corresponding NOAA time series (Figure S6a in Supporting
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Figure 8. Average recurrence for MHWs (a—d) and MCSs (e-h).
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Information S1). In particular, around the 1982/83 El Nifio a strong anomaly (0.5 K) stands out in CCI tropica
SSTs, differently from the NOAA data set (also refer to Figure S2 in Supporting Information S1). In fac
repeating the same analysis with NOAA SSTs, the peaks around this period are absent, indicating that the SSE %

—+

ofliuren

L3y

bias is reflected in the detected MHWs. The agreement between the two data sets improves after only 1990, bug'
outstanding differences are visible around 2020 for the RAW case. As expected, the detrending removes lon§
term increase of MHW occurrence, and while the SSA1 and SSAM are generally aligned with the CRW and RAW

data sets, they show additional local maxima in the late 1980s and early 1990s. As found in previous analyses,

whereas there is qualitative agreement between the LIN and SSAI cases, the latter seems more effective in

reducing the MHW-affected area throughout the time series.

Figures 11b—11e report probability distributions of MHW categories for selected regions, also used for Figures 9
and 10. In general there is approximately a factor 10 decrease as MHW category is increased (e.g., category 2
events are 10 times less likely than category 1). Categories 3 and 4 are more frequent where SST warming trends
are higher (Figure 1). The agreement between the CRW and the CCI data set with the same baseline is good, with
some discrepancies for the higher categories: except for the Tasman Sea (Figure 11e), CRW tends to showcase
less frequent category 4 events, whereas the CCI data set with baseline 1985-2012 has more category 3 events
than others. These differences can be explained by the different SST data sets used between CRW and our work,
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Figure 9. Histograms of MHW metrics (cumulative intensity, a—d, maximum intensity, e-h, duration, i-1, and recurrence, m—p) in the CCI data set, for selected regions

and postprocessing methods.
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Figure 11. (a) Monthly mean time series of the fraction of the ocean with MHW category 1 or above for the various data sets
(baselines 1985-2012 for gray and yellow lines, 19912020 otherwise). Maxima of time series overshooting the upper
ordinate bound are reported with text. (b—e) Histograms of daily MHW categories for the different data sets, over the
common period 1985-2022 and for selected regions (see Figure S2 in Supporting Information S1).

which could be important in areas frequently affected by cloud cover such as the tropics and high latitudes. A
process-oriented and seasonally stratified analysis would be needed to better understand these discrepancies.
Category 4 events are also present in SSA1 and SSAM, and are relatively frequent in the latter (Figures 11b and
11e) compared to the non-detrended data sets. This could be explained by the increased importance of shorter and
noisy conditions after the removal of lower frequency and large-scale modulations. On the other hand, both LIN
and SSA1 detrending methods systematically reduce the likelihood of MHW events across categories 1-3
compared to the RAW case (except for the equatorial Pacific area). Similar results hold for the histograms

Max_CRW= 34%; LIN= 35%; SSAl= 38%; SSAM= 42%
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based on the NOAA SSTs (Figure S6 in Supporting Information S1).

MHW category (-)
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4. Discussion and Conclusions

In this work we investigate the sensitivity of the detection of MHW and MCS in satellite-based SST data sets to
algorithmic choices and quantify the impact of nonlinear detrending, which can be used to isolate the effects of
global warming and more in general of low-frequency variability. The detection is based on the widely used
algorithm proposed by A. J. Hobday et al. (2016), which provides a discrete categorization of warm and cold ¢
extremes, and a set of metrics to characterize individual events. The detection is performed in ice-free regions,
since the treatment of SST below sea ice depends on the data sets and could introduce detection biases.

We find that the choice of the detection parameters is critical, and their values need to be set subjectively. I
particular, the use of a fixed baseline (e.g., 1983-2012) has been advocated by A. Hobday et al. (2018) based o
the availability of satellite-based SST records, even if there is no consensus on this choice (Sen Gupta, 2023), an

& (séPmﬁpuE:

for observation-based products relying on altimetry data (available after 1993) only more recent climatologies ca
be constructed. The choice of this parameter is critical, for example, for determining the MHW saturation effec

AU

/(@||

found in climate simulations (Tanaka & Houtan, 2022). We show that a difference of 10 years in the baselin,
period leads to differences up to 50% in the number of SST extremes detected where strong trends are presen
such as in the Mediterranean Sea and North Pacific. As expected, the effects for MCSs mirror those for MHWs i
the same regions, given the global warming trend. Other relevant parameters we tested are the percentile threshol
used to define events and their minimum duration, with the number of extremes detected decreasing linearly fo
the former (with little influence from detrending), and more variably for the latter, depending on the loc
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timescale of MHW/MCS events. The decrease is steeper in regions where events are weather-driven and shorte

053]

We employ an SSA-based method to remove low-frequency changes and isolate events driven by weathe

$h y

conditions. This approach has the advantage of being data-driven, non-parametric and more suited to treat sho
and noisy time series. We demonstrate its effectiveness at removing the global warming influence over simplé:
linear detrending, but also that there may be compensating effects, for example, with the promotion of mor
frequent and weaker, versus rare but stronger events (Figure 5). For this reason, MHW/MCS categories shoul

TR Y

preferably be considered together with physically interpretable metrics, such as intensity. Our analysis provides

Sie

possible way to determine if low-frequency variability, rather than fast weather forcing, has been the major facto
determining the occurrence of a SST extreme, even if we cannot infer which the main driver is withou
considering other data. The global analysis revealed how detrending affects the detection of extremes, with th
areas of the Brazilian Current, the Gulf Stream, the Kuroshio and the Antarctic Circumpolar in the Atlantic/India

6

1%q %alﬁano

sector appear to be hotspots also after detrending. Extremes are detected in those regions due to stochasti
fluctuations in the location of fronts, and a correct description of these events, likely mediated by eddy processes!
would need high-resolution data sets (Hayashida et al., 2020; Kirtman et al., 2017; Pilo et al., 2019).

edy

geoydd

Although the trends in the raw SST data set for both MHW and MCS are consistent with the literature, we find th
the effect of detrending is to reduce the probability of high intensity extremes and to favor weaker events, whic
also tend to occur more frequently. Some discrepancies with the literature may be due to different treatments o

mﬁ Ell

areas with sea ice, whose distribution departs from normality making the standard detection approach unsuitabl
(Huang, Wang, et al., 2021). We also note that results after SSA-based detrending appear to be spatially mor
coherent compared to the linear approach, which we attribute to their ability to capture quasi-periodic signal.
which often happen to be spatially correlated. A comparison with an independent MHW data set based on &

we> 8l

17
w

O

different SST product shows a good agreement for the raw SST results, with some discrepancies in the early phas%
of the record, when data coverage was sparser and contamination due to volcanic eruptions are likely (leading @D
regional biases up to 0.5 K, Figure S1 in Supporting Information S1).

Our analysis indicates how the detection of MHWs and MCSs depends on the algorithmic setup, making com-
parisons between different works challenging. Whilst most parameters cannot be constrained from theoretical
considerations, as a general recommendation we believe it is useful to be consistent with previous works and
include comparisons with peer data sets, which are now increasingly available. Based on the current warming
trajectory, non-parametric detrending should be preferred since the trend is increasingly nonlinear (Chis-
well, 2022). Further research is needed to evaluate possible discrepancies in extremes detected across satellite-
based SST products, as the input data set can be a source of uncertainty. This may arise from the treatment of
cloudy pixels, sea ice covered areas, different input observations, and possible retrieval issues in the early satellite
era, which could affect results when early baselines are adopted for detection.
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