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A B S T R A C T   

Marine heatwaves (MHWs) are extreme climatic events that last for days to months and can extend up to 
thousands of kilometers and cause substantial ecological, social, and economic impacts. Climate models are the 
key tool for studying and predicting MHWs. However, it continues to be challenging for climate models to 
accurately simulate MHWs. In this study, we evaluate 29 models from the Coupled Model Intercomparison 
Project Phase 6 (CMIP6) and 19 models from the Coupled Model Intercomparison Project Phase 5 (CMIP5) in 
terms of their capabilities to simulate MHWs by examining the spatial patterns and temporal variations. Then, we 
estimate future changes until the end of the 21st century under three shared socioeconomic pathways (SSPs) (e. 
g., SSP126, SSP245, and SSP585). The results show that the CMIP6 ensemble mean is more skillful in capturing 
the features of MHWs than that of the CMIP5. The biases of the CMIP6 models for the MHWs intensities are 
within ±0.5 ◦C over most of the oceans, except in the western boundary current regions and eastern tropical 
Pacific, where the modeled MHWs are up to 1.5 ◦C weaker than the observations. In comparison, the results from 
CMIP5 are greater than ±1.5 ◦C in most areas. Both the CMIP5 and CMIP6 models underestimate long-duration 
MHWs in the eastern tropical Pacific, where they are nearly 20 days shorter than the observations. In most areas, 
the CMIP5 models overestimate the MHWs durations (by over 25 days), while the biases of the CMIP6 models are 
within 10 days. The projected MHWs exhibit significant increases in the intensity and duration and reach 
maximum intensities of 4 ◦C. The largest changes are projected to occur in the tropics, North Pacific, and North 
Atlantic. When comparing the shared socioeconomic pathways for the increasing trend of MHWs, the most 
extreme MHWs occur under SSP585, with their intensities nearly doubling and a near-permanent MHWs state 
occurring by the 2070s.   

1. Introduction 

The oceans are warming significantly, and temperature extremes are 
increasing globally (Cheng et al., 2019), which lead to increase in the 
intensities and durations of marine heatwaves (MHWs) (Hobday et al., 
2016). MHWs can last for days to months and can extend up to thou
sands of kilometers (Oliver et al., 2018). These extreme events threaten 
marine ecosystems, cause mass mortality events, species range shifts and 
community reconfigurations (Lonhart et al., 2019; Smale et al., 2019). 
Studies have documented the ecological and social impacts of recent 
MHWs, including coral bleaching (Leggat et al., 2019), massive die-offs 
of marine invertebrates (Carneiro et al., 2020; Harvell et al., 2019), 

extinction of bull kelp (Thomsen et al., 2019), and fishery closures or 
quota changes (Caputi et al., 2016; Oliver et al., 2017). 

MHWs are the direct results of local-scale processes, such as ocean 
heat advection, air-sea interaction, and vertical mixing (Amaya et al., 
2020; Di Lorenzo and Mantua, 2016; Schmeisser et al., 2019), and act 
within the mixed layer (Holbrook et al., 2019), which can be modulated 
by remote influences (such as El Niño-Southern Oscillation, ENSO) via 
teleconnections (Oliver et al., 2018; Yao et al., 2020). 

Climate models are important tools for studying and predicting 
MHWs. Based on the experimental results of the global climate models 
(GCMs) that were provided by the Coupled Model Intercomparison 
Project (CMIP), previous studies have shown that MHWs have become 
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longer and more frequent over the past century and are projected to 
continue to increase under global warming (Frölicher et al., 2018; 
Hayashida et al., 2020; Oliver et al., 2019; Plecha and Soares, 2020; Yao 
et al., 2020). However, it continues to be a challenge for climate models 
to accurately simulate MHWs. Studies on the global (Oliver et al., 2019) 
and regional (Darmaraki et al., 2019; Plecha et al., 2021) MHWs mean 
properties show that CMIP5 tends to simulate less frequent, weaker, and 
longer-lasting MHWs than the observations, and there are many differ
ences among the models. This bias can be attributed to the limitations 
due to coarse resolution (Pilo et al., 2019) because coarse-resolution 
models underestimate the SST anomalies in eddy-rich regions. 

Currently, the CMIP has entered its sixth phase (CMIP6), with 
generally higher spatial resolutions and improved parameterization 
schemes for major physical processes than its CMIP5 counterpart (Tay
lor et al., 2012; Eyring et al., 2016). Researchers have recently started to 
analyze MHWs with the new CMIP6 results. Plecha and Soares, 2020 
evaluated the simulation abilities of 16 CMIP6 models and analyzed 
future MHWs changes. However, they mainly used coarse-resolution 
model outputs to simulate the MHWs, and their evaluation focused on 
the ensemble mean results. 

Do high-resolution CMIP6 models provide more confidence than 
CMIP5 in simulating MHWs on a global scale? To answer this question, 
we evaluate 29 models from CMIP6, which include high-resolution and 
coarse-resolution models, and 19 models from CMIP5 for their simula
tions of MHWs. Then, we analyze whether the model abilities for 
simulating MHWs have improved by comparing the results of the CMIP6 
and CMIP5 models from the same model groups. In addition, the SS 
score (Pierce et al., 2009) and M2 score (Chen et al., 2011) methods are 
used to quantify the model abilities from the aspects of spatial patterns 
and temporal variation, which provide a reference to improve the 
credibility of future forecasts. Based on this, we estimate the future 
changes until the end of the 21st century under three shared socioeco
nomic pathways (e.g., SSP126, SSP245, and SSP585). 

2. Data and methodology 

2.1. Observational and model datasets 

To evaluate the model performances over a historical period, we use 
the daily SST field from the 1/4◦ NOAA OI SST V2 dataset over 
1982–2015 (Reynolds et al., 2007). This dataset has been widely used to 
analyze MHWs worldwide. Compared with the coarse-resolution 
models, the satellite data are regridded onto a regular 1◦ × 1◦ grid 
before calculating the MHWs metrics. 

We examined the daily SST outputs of 29 CMIP6 models (Table 1) 
and 19 CMIP5 models (Table 2). All of the historical SST data cover the 
same period from 1982 to 2015. The SST data for 5 selected models that 
were used in the analysis of future projections cover the period of 
2016–2100. Three future scenarios are considered that follow SSP126, 
SSP245, and SSP585. These models are selected based on the availability 
of daily SST data of ensemble member r1i1p1. We also use the prein
dustrial control simulations of 7 models (e.g., CMCC-CM2-SR5, 
HadGEM3-GC31-LL, MRI-ESM2-0, NorESM2-LM, ACCESS-ESM1-5, and 
IPSL-CM6A-LR), which represent historical conditions without anthro
pogenic influences. 

We calculate the MHWs metrics for each model on its native grid and 
then interpolate the output to a regular 1◦ by 1◦ grid to calculate the 
multimodel ensemble (MME). 

2.2. MHWs definition 

We calculate MHWs from the daily SST fields following the definition 
that was developed to facilitate comparisons among studies (Hobday 
et al., 2016). A MHWs event was defined as a discrete prolonged 
anomalously warm water event when the daily SSTs exceed the 90th 

percentile for five consecutive days or more based on a 30-year histor
ical time series. The 90th percentile and daily climatology are calculated 
for each calendar day by using the daily SSTs within an 11-day window 

Table 1 
The basic information, SS score, and M2 score for 29 CMIP6 models. The associated institutions and countries, names, and resolution of each model are shown. The 
table also lists the rankings of the SS scores and M2 scores.  

Model center, Country Model Resolution SS score (No.) M2 score (No.) 

total days intensity total days intensity 

CSIRO(Australia) ACCESS-CM2 300 × 360 0.06(13) − 0.05(11) 1.84(19) 0.82(18) 
CSIRO(Australia) ACCESS-ESM1-5 300 × 360 − 0.4(21) − 0.24(21) 2.18(22) 0.69(16) 
BCC(China) BCC-ESM1 232 × 360 − 0.58(26) − 0.00(9) 0.93(14) 0.64(13) 

BCC-CSM2-MR 232 × 360 − 0.63(27) − 0.00(9) 0.83(12) 0.64(13) 
CCCma(Canada) CanESM5 360 × 291 − 0.45(23) − 0.10(14) 2.24(23) 0.02(1) 
NCAR(USA) CESM2-FV2 384 × 320 − 0.78(28) − 0.21(20) 2.36(24) 2.08(22) 

CESM2-WACCM 384 × 320 − 0.43(22) − 0.34(25) 2.14(21) 0.21(7) 
CMCC(Italy) CMCC-CM2-HR4 1442 × 1051 0.24(7) 0.3(4) 0.86(13) 0.24(8) 

CMCC-CM2-SR5 292 × 360 0.38(2) − 0.16(17) 0.41(5) 0.15(5) 
CMCC-CM2-VHR4 1442 × 1051 0.14(10) 0.34(2) 0.98(15) 2.92(24) 

EC(European) EC-Earth3-Veg 292 × 362 − 0.04(16) 0.05(8) 0.79(10) 1.56(21) 
ECMWF(European) ECMWF-IFS-HR 1021 × 1051 0.21(8) 0.100(7) 2.76(26) 2.28(23) 

ECMWF-IFS-LR 292 × 362 − 0.19(19) − 0.21(19) 0.82(11) 0.07(4) 
CAS(China) FGOALS-f3-L 218 × 360 0.25(6) − 0.4(27) 1.07(16) 0.15(6) 
FIO-QLNM(China) FIO-ESM-2-0 384 × 320 0.30(4) − 0.18(18) 0.08(4) 0.56(12) 
NOAA-GFDL(USA) GFDL-CM4 1080 × 1440 0.15(9) 0.42(1) 0.02(1) 0.69(15) 
MOHC(UK) HadGEM3-GC31-LL 330 × 360 − 0.81(29) − 0.52(28) 12.85(28) 75.87(28) 

HadGEM3-GC31-MM 1220 × 1440 − 0.57(25) − 0.6(29) 14.81(29) 87.33(29) 
IPSL(France) IPSL-CM6A-LR 332 × 362 − 0.15(18) 0.17(6) 4.20(27) 3.85(25) 
MIROC(Japan) MIROC6 256 × 360 0.05(14) − 0.39(26) 1.81(18) 0.72(17) 
MPI-M(Germany) MPI-ESM1-2-LR 220 × 256 0.11(12) − 0.12(16) 0.47(6) 0.51(11) 

MPI-ESM1-2-HR 404 × 802 − 0.04(15) − 0.05(12) 0.05(3) 0.33(9) 
MPI-ESM1-2-XR 404 × 802 − 0.09(17) − 0.11(15) 0.03(2) 0.05(3) 

MRI(Japan) MRI-ESM2-0 363 × 360 0.29(5) − 0.33(24) 0.63(8) 0.03(2) 
NCAR(USA) NCAR-CESM2 384 × 320 − 0.57(24) − 0.30(23) 2.39(25) 0.49(10) 
NUIST(China) NESM3 292 × 362 0.11(11) 0.33(3) 0.59(7) 1.26(20) 
NCC (Norway) NorESM2-LM 360 × 385 0.60(1) 0.19(5) 0.66(9) 7.11(27) 

NorESM2-MM 360 × 385 0.35(3) − 0.07(13) 2.11(20) 4.41(26) 
SNU(Korea) SAM0-UNICON 384 × 320 − 0.2(20) − 0.27(22) 1.35(17) 0.90(19) 
CMIP6 MME   0.40 0.22 0.2 0.04  
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that were smoothed by applying a 31-day moving average. Events with 
gaps of two days or fewer are considered to be continuous events. A 
seasonally varying threshold enables the detection of MHWs at any time 
of the year rather than detecting events that occur only during the 
warmest months. 

The 90th percentile is determined based on a common period of 
1982–2005. This fixed historical baseline for MHWs evaluations and 
projections is consistent with previous studies (Hayashida et al., 2020; 
Oliver et al., 2019; Plecha and Soares, 2020) and is useful for analyzing 
their impacts on ecosystems that cannot adapt to rapid warming rates. 

While some studies have used other percentile ranks (Darmaraki 
et al., 2019; Frölicher and Laufkötter, 2018) or have advocated the use 
of a moving baseline threshold (Jacox, 2019), by referring to the pre
vious research, we noticed that the threshold definition depends on the 
specific scientific problem in question (Oliver et al., 2019). In addition, 
changing the thresholds did not change the conclusions regarding the 
increases in MHWs in future projections (Hayashida et al., 2020). 

The MHWs definition does not consider the effects of sea ice. 
Therefore, we limit our analysis to between 70◦S and 50◦N. To charac
terize MHWs, we calculate the time series of the total number of days 
(the number of MHWs days in a year) and intensities (average of the 
temperature anomalies overall MHWs events in a year relative to the 
seasonal climatology) for each year. 

2.3. Metric evaluation of datasets 

The model performances in simulating spatial patterns are evaluated 
using the SS score method (Pierce et al., 2009). The SS score can be 
defined as: 

SS= 1 −
MSE(m, o)
MSE(o, o)

(1)  

MSE =(m − o)2
+ s2

m + s2
o − 2smsorm,o (2)  

where MSE is the mean squared error, m(x) is the model output, o(x) are 
the observations, overbars indicate spatial averages, rm, o is the product- 
moment spatial correlation coefficient between the model and obser
vations, and sm and so are the spatial standard deviations of the model 
and observations, respectively. A model field that is identical to the 
observations has a skill score of 1. 

The score can be decomposed as: 

SS= r2
m,o −

[
rm,o − (sm − so)

]2
−

[

(m − o)/so

]2

(3) 

The first term on the right-hand side of Eq. (3) is the square of the 
pattern correlation. The second term is the “conditional bias”, which 
expresses a model that over- or underpredicts excursions. The third term 
is the “unconditional bias”, which is the square of the mean error that is 
normalized by the standard deviation of the observations. This decom
position helps us to better describe the pattern bias. 

The performance of a dataset in simulating the interannual varia
tions in the MHWs metrics is evaluated by using the M2 score (Chen 
et al., 2011), which is defined as follows: 

M2=
(

STDm

STDo
−

STDo

STDm

)2

(4)  

where STDm denotes the interannual standard deviation of the simula
tion and STDo is the STD of the observation. The M2 value is equal to 
0 when the STDm is identical to the STDo, and the closer the M2 value is 
to 0, the greater the skill in simulating the interannual variability. After 
obtaining the SS and M2 scores for each CMIP6 and CMIP5 model, the 
simulation ability rankings of the models are shown in Tables 1 and 2, 
respectively. 

The overall performance of the CMIP6 models is evaluated by plot
ting a scatter diagram of the M2 values against the SS scores. 

3. Results 

3.1. Evaluation of CMIP6 models and comparison with CMIP5 models 

To evaluate the capability of models in simulating the MHWs metrics 
over the globe, Fig. 1 shows the biases between the models and obser
vations in the historical periods (e.g., CMIP5:1982–2005, 
CMIP6:1982–2015). 

Both the CMIP6 MME and CMIP5 MME overestimate the total days in 
the southern and equatorial Pacific Oceans, where MHWs last more than 
10 days in the CMIP6 MME and 25 days in the CMIP5 MME. The CMIP5 
MME shows nearly 20 days of negative bias in the subtropical Indian, 
Pacific, and Atlantic Oceans. 

The intensities of the CMIP6 models have a general cold bias 
worldwide. Large cold biases are located in the western boundary cur
rent region and eastern equatorial Pacific Ocean, where the local bias is 
as high as 2 ◦C. Compared with the CMIP5 MME, this bias is lower in the 

Table 2 
Same as Table 1 but based on CMIP5.  

Model center, Country Model Resolution SS score (No.) M2 score (No.) 

total days Intensity total days intensity 

CSIRO-BOM(Austrialia) ACCESS1-0 300 × 256 0.035(2) − 0.41(12) 0.39 (9) 0.39 (9) 
ACCESS1-3 300,360 0.039(1) − 0.38(10) 0.56 (11) 0.62 (13) 

CCCma(Canada) Can-ESM2 192 × 256 − 0.01(5) − 0.48(14) 1.16 (15) 1.01 (16) 
CMCC(Italy) CMCC-CESM 148 × 182 − 0.13(13) − 0.44(13) 0.32 (8) 0.93 (15) 

CMCC-CM 148 × 180 − 0.07(8) − 0.50(15) 0.03 (2) 0.18 (5) 
CMCC-CMS 148 × 180 − 0.10(10) − 0.40(11) 0.85 (14) 0.38 (8) 

CSIRO-QCCCE(Austrialia) CSIRO-Mk3-6-0 96 × 192 − 0.32(18) − 0.53(16) 0.02 (1) 0.24 (6) 
CAS(China) FGOALS-g2 196 × 360 − 0.32(18) − 0.70(17) 0.07 (3) 0.12 (4) 
FIO(China) FIO-ESM 384 × 320 − 0.06(7) − 0.76(18) 0.13 (6) 0.11 (3) 
NOAA-GFDL(USA) GFDL-CM3 200 × 360 − 0.03(6) − 0.11(6) 0.18 (7) 0.43 (10) 

GFDL-ESM2G 210 × 360 − 0.28(15) 0.58(1) 0.70 (12) 0.05 (2) 
MOHC(UK) HadCM2 144 × 288 − 0.3(17) 0.38(4) 2.82 (17) 2.98 (17) 

HadFEM2-CC 216 × 360 − 0.10(10) 0.37(5) 2.73 (16) 3.75 (18) 
HadFEM2-ES 216 × 360 − 0.07(8) 0.40(3) 4.04 (19) 4.78 (19) 

IPSL(France) IPSL-CM5A-LR 149 × 182 − 0.10(10) − 0.27(9) 0.47 (10) 0.56 (11) 
MIROC(Japan) MIROC5 224 × 256 − 0.19(14) − 0.80(19) 3.99 (18) 0.59 (11) 
MPI-M(Germany) MPI-ESM-LR 220 × 256 − 0.28(15) 0.43(2) 0.78 (13) 0.63 (14) 
MRI(Japan) MRI-CGCM3 168 × 360 0.13(3) − 0.14(8) 0.12 (5) 0.01 (1) 

MRI-ESM1 368 × 360 0.09(4) − 0.12(7) 0.09 (4) 0.28 (7) 
CMIP5 MME   − 0.11 − 0.20 1.02 0.95  
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CMIP6 MME. 
The scatter diagram in Fig. 2 quantitatively demonstrates the simi

larities of the MHWs spatial patterns between the models and observa
tions. The result from the MME is better than those from individuals. The 
majority of the CMIP6 models have pattern correlations greater than 0.7 
for the total days and intensities of MHWs, which indicate that the model 
can simulate the spatial distributions of the heatwave characteristics. 
However, most models overestimate the total days of MHWs (Fig. S1a), 
although the biases are smaller in models CMCC-CM-HR4, EC-Earth3- 
Veg, ECMWF-IFS-HR, FGOALS-F3-L, GFDL-CM4, MPI-ESM1-2-HR, 
NESM3, and Nor-ESM2-MM. Most models have standard deviations that 
are smaller than 1, which indicate underestimated intensities, while 
HadGEM3-GC21-LL, HadGEM3-GC21-MM, and NESM3 have positive 
biases (Fig. S1b). Some studies consider this bias to be linked to a 
persistent positive downward energy flux bias in ocean surface warm
ing, which may be related to a shortcoming of the cumulus convection 

parameterization scheme (Plecha and Soares, 2020). 
We also compare several groups of models from the same research 

institution that participated in both the CMIP5 and CMIP6. Most CMIP5 
models also overestimate the total days (Fig. S2a) and underestimate the 
intensities (Fig. S2b), but their pattern correlations are lower than those 
of the CMIP6 models (Fig. 2). HadGEM2-CC and HadGEM2-ES have 
visible positive biases for the intensities, which are similar to HadGEM3- 
GC21-LL and HadGEM3-GC21-MM. In general, the results show that the 
simulation abilities of the CMIP6 models are improved compared to 
those of CMIP5. 

As illustrated in Fig. 3, the linear MHWs trends that are obtained 
from the MMEs of the two CMIPs are similar. The observation data show 
a positive trend for the total number of days. From 1982 to 2020, the 
total number of days grew at a rate of 10.7 days per decade. The total 
number days increased at a rate of 15.9 days per decade in the CMIP6 
MME and 16.3 days in the CMIP5 MME, which are much more than 

Fig. 1. Spatial distributions of model biases (e.g., MMEs minus observations). (a) Total number of days, and (b) intensity of MHWs. MME means multi
model ensemble. 

Fig. 2. Scatter diagram of the pattern correlation 
coefficients and normalized standard deviations. (a) 
(b) Total number of days, and (c) (d)intensity. The 
red dots represent CMIP6 models, and the blue dots 
represent CMIP5 models. The cross symbols indi
cate multimodel ensembles (MME). The red and 
blue error bars show the means and upper and 
lower limits of all CMIP6 and CMIP5 models, 
respectively. The horizontal dashed lines indicate a 
value of 1. Thus, those models that lie close to these 
lines have good performance in simulating the 
climatology of the indices.   
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those shown by the observations. There was a rapid rise after 2000 in the 
models, while the observations increased steadily. For the intensities, 
the models underestimated the values but overestimated the linear 
trends by four-fold compared to the observations. The intensities that 
were estimated by the observations showed a trend of 0.05 ◦C per 
decade, which resulted in an increase of 0.2 ◦C in the last 30 years. On 
the other hand, the CMIP5 MME and CMIP6 MME results have signifi
cant growth rates of 0.19 and 0.22 ◦C per decade, respectively. 

The SS and M2 scores are also used to further evaluate the overall 
model abilities to simulate the spatial patterns and interannual varia
tions in the MHWs indices (listed in Table 1). Fig. 4 shows scatter dia
grams of the SS scores versus M2 scores, where the horizontal and 
vertical lines are the median score values, respectively. A model that 
plots below the horizontal line or to the right of the vertical line has 
better performance than the median of the overall model performances 
in reproducing the spatial patterns or interannual variations. Thus, the 
models in the green shaded quadrant can accurately capture the 
climatology and interannual variations of the MHWs metrics. The results 
show that CMCC-CM2-HR4, CMCC-VHR4, FIO-ESM-2-0, GFDL-CM4, 
and MPI-ESM1-2-HR have good performance in simulating the MHWs 

characteristics. As the CMP6 models have better performace than CMIP5 
models, we use CMIP6 models to project the MHWs future changes 
under SSP126, SSP245, and SSP585. 

We compared the durations and intensities of the MHWs of 5 selected 
model simulations and the remaining 24 model simulations with the 
observations. Fig. S3 shows the spatial distributions of the biases be
tween the models and observations. The ensemble result of the 5 
selected models shows smaller biases in the Indian Ocean, west sub
tropical Pacific Ocean, and Southern Ocean, both for the MHWs in
tensity and total number of days. These 5 models simulate the intensities 
more precisely, especially in the western boundary current region, such 
as in the region of the Agulhas Current, where the negative biases are 
generally less than 0.5 ◦C. As shown in Fig. S4, the total number of days 
increases at a rate of 11.2 days per decade in these 5 model ensembles 
and 16.8 days per decade in the remaining 24 model ensembles, which 
are 0.5 days and 8.3 days longer than the observations, respectively. For 
the intensity simulations, these 5 models also underestimate the in
tensities but show growth rates of 0.12 ◦C per decade, which are closer 
to the observations (0.05 ◦C). These 5 model ensembles simulate the 
MHWs more accurately than the others, so we use them to estimate and 

Fig. 3. Time evolution graphs of the MHWs metrics. (a) Total days, and (b) intensity. The red lines represent CMIP6 MME, the blue lines represent CMIP5 MME, and 
the black lines are the observations. The shaded represents 0.5 times the intermodal standard deviation. 

Fig. 4. Scatter diagram of the model climate performance index (SS score) versus the model variability index (M2 score) for MHWs; (a) the total number of days and 
(b) intensity. The horizontal and vertical dashed lines are the median SS and M2 values. Thus, the models that lie in the bottom right quadrant (green shaded zone) 
have better performance than the median in simulating both the climatology and interannual variations of the indices. 
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project future MHWs up to 2100. 

3.2. Future projections 

We consider three scenarios, namely, SSP126, SSP245, and SSP585, 
to estimate the future changes until the end of the 21st century by using 
the selected models that accurately simulate MHWs. The projected 
MHWs show an increase in total days and intensities during the 21st 
century. 

The spatial distributions of the increased rates (fold) of MHWs in 
2071–2100 relative to the historical period (1982–2015) are shown in 
Fig. 5. The increases in total days are concentrated in the Southern 
Ocean and subtropical Pacific in the SSP126 and SSP245 scenarios. In 
the SSP585 scenario, there will be extremely long MHWs in most areas at 
the end of the century, which increase by ten times compared to the 
historical period and even reach a “permanent MHWs state” . 

MHWs were significantly intense during the historical period in the 
western boundary current regions and eastern equatorial Pacific Ocean 
(Fig. S1b). As shown in Fig. 5, the spatial distributions of the changes 
suggest intensity increases for nearly the entire study area under the 
three scenarios. The areas of increase are located in the Southern Ocean 
and eastern equatorial Pacific Ocean, where the intensities are nearly 
600% of those in the historical period. 

The total MHWs days show positive trends of 10.6 days, 29.2 days, 
and 45.9 days per decade under the three scenarios (Fig. 6a). The se
verities of the SSPs influence the linear trends. In the SSP585 experi
ment, the globe is projected to reach a “permanent MHWs state” (365 
days per year, Fig. 6a, horizontal dashed line) at the end of the century. 
It is also projected that the total number of days will extend beyond the 
range of natural variability by 2047 under SSP126, 2039 under SSP245, 
and 2039 under SSP585. 

The intensities are projected to increase significantly for both 
SSP245 and SSP585, and the trends are 0.10 ◦C and 0.19 ◦C, respec
tively. These changes are mainly related to the changes in the mean 
values rather than changes in the variations (Oliver et al., 2019a; Plecha 
and Soares, 2020). Importantly, the intensity series exceeds the range of 
natural variability in 2035 under SSP245 and 2024 under SSP585. 
However, the increase in the SSP126 scenario is not obvious, nor does it 
completely exceed the range of the natural variations. 

4. Discussion and conclusions 

In this study, we use 29 CMIP6 models to simulate MHWs for a 

historical period and compare them with 19 CMIP5 models. Then, we 
select 5 models with better simulation performances to analyze the 
future changes until 2100 under future scenarios. 

Similar to previous work based on CMIP models or high-resolution 
ocean circulation models, we also noticed that the MHWs have exhibi
ted a positive linear trend in recent years and continue to grow in future 
projections. 

In the historical period, the CMIP5 and CMIP6 MMEs share common 
shortcomings in the simulations. As in previous studies based on the 
CMIP5 models and observations, it is indicated that the biases, where the 
models simulated longer and weaker MHWs, are consistent with the 
limitations due to coarse resolution (Oliver et al., 2019; Darmaraki et al., 
2019). Specifically, the models underestimate the SST anomalies that 
are produced by mesoscale processes and simulate SST time series that 
are much too smooth, particularly in the western boundary current area 
and Southern Ocean. Plecha et al. (2021) mentioned the persistence of 
this limitation in the new-generation CMIP6 models. 

To determine the possible influence of model resolution on simu
lating the spatial patterns of MHWs, we plot the SS and M2 scores 
against the model resolution (Fig. 7a, b, c, d). The results indicate that 
the model resolutions and SS scores for the intensities have relatively 
positive correlations. The models with a nominal ocean resolution of 25 
km performed better, and three models (e.g., NESM3, IPSL-CM6A-LR, 
and Nor-ESM2-LM) with lower resolution also obtained good scores. 
We decompose the SS scores for intensity into the correlations, condi
tional biases, and unconditional biases (Fig. 7e, f, g). The SS scores are 
mainly affected by unconditional biases in this case, which describe the 
differences in the spatial averages between the models and observations. 
Most models underestimate the MHWs intensities, especially in the 
western boundary current and eastern equatorial Pacific Ocean. Models 
including NESM3, IPSL-CM6A-LR, and Nor-ESM2-LM have a warm bias 
in the Indian Ocean and subtropical Pacific, which partially offsets the 
negative bias, which results in good spatial skill scores. Models with high 
resolution, such as GFDL-CM4, CMCC-CM2-HR4, CMCC-CM2-VHR4, 
and ECMWF-IFS-HR, have slight cold biases in the area of the western 
boundary current. In fact, when comparing models from the same 
institute (Fig. 2), we found that the high-resolution models performed 
better than the lower resolution models. We plan to carry out compar
ative experiments and attempt to investigate the specific mechanisms by 
which the model resolution affects the simulation capabilities for the 
MHWs in our future work. 

The projections for future MHWs reveal that there will be longer and 
more intense MHWs over the 21st century, which are consistent with the 

Fig. 5. Spatial distributions of the increased rate (fold) of MHWs at the end of the 21st century (2071–2100) relative to the historical period; (a) total number of days 
and (b) intensity. 
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results of previous studies (Oliver et al., 2019; Plecha and Soares, 2020). 
Different emission scenarios influence the projected MHWs. The 

estimated increase in the MHWs intensity and duration under SSP585 by 

2100 (compared with the historical period for 1982–2015) nearly triples 
compared to that under SSP126. Our work suggests that anthropogenic 
influences will accelerate the growth of MHWs. The emergence of a 

Fig. 6. Global average time series of MHWs metrics 
under the SSP126 (green), SSP245 (orange), and 
SSP585 (red) scenarios; (a) total number of days 
and (b) intensity. The gray shaded region shows the 
range of natural variability based on the preindus
trial run and its range of ±1, ±2, and ±3.5 standard 
deviations. The vertical dashed line represents the 
year that the signals extend beyond the natural in
ternal variations. We used 29 CMIP6 models to 
analyze the MHWs in the historical period and 5 
selected models to estimate the future changes 
under three scenarios, so the series were discon
tinuous in 2015 and 2016.   

Fig. 7. Schematics showing the SS and M2 scores at ocean and atmospheric resolutions; (a) SS scores for total days, (b) SS scores for intensity, (c) M2 scores for total 
days, and (d) M2 scores for intensity. The colors correspond to the values. The SS scores for intensity are decomposed into three terms: (e) correlation, (f) conditional 
bias, and (g) unconditional bias. 
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permanent MHWs state implies that the historical “extreme” conditions 
might no longer be “extreme” in the future, and would indicate that the 
ocean has entered a brand-new state. Severe MHWs will become 
powerful and cause disturbances to marine ecosystems in the near future 
(Frölicher et al., 2018; Hayashida et al., 2020; Oliver et al., 2019; Plecha 
and Soares, 2020; Yao et al., 2020). 

In summary, the simulation abilities of most CMIP6 models, espe
cially the high-resolution models, has improved relative to their CMIP5 
counterparts. Meanwhile, the CMIP6 models still face ground chal
lenges. Improving the ability of models to simulate MHWs by using 
either higher-resolution GCMs or regional coupled models, especially 
new parameterizations, is crucial. The projected MHWs are increasingly 
longer and more severe and will become serious global issues or ground 
challenges that need to be addressed from a global perspective. 
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