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 24 

Ocean wave extremes drive major coastal hazards, yet whether they evolve consistently with 25 
mean conditions under climate change remains unclear. Here, we present a global assessment 26 
of projected changes in wave height extremes based on a large CMIP6 multi-model ensemble, 27 
combining complementary extreme-value and exceedance-based approaches within a structured 28 
uncertainty framework. We find consistent increases in extreme wave heights across the mid-29 
latitudes of the North Pacific, North Atlantic and Southern Ocean. In the North Atlantic and 30 
North Pacific, however, such increases occur despite projected decreases in mean conditions, 31 
demonstrating that changes in extremes cannot be reliably inferred from the changes in the 32 
means. Coastal indicators reveal sensitivity to projected wave climate changes along more than 33 
60% of the global coastline. Together, our results show that wave extremes exhibit coherent 34 
large-scale changes that can diverge from changes in mean conditions, highlighting the need 35 
for dedicated assessments of future coastal hazards based on extremes. 36 

 37 

Projected changes in ocean wind-wave climate are often inferred from mean conditions, yet 38 
whether wave extremes evolve consistently with mean conditions remains unclear. This 39 
uncertainty is critical for anticipating wave-driven hazards and supporting adaptation in 40 
vulnerable coastal regions, where impacts such as flooding1–5, erosion6–8 and infrastructure 41 
failure9,10 are often governed by extreme wave events.  42 

In this context, identifying where wave extremes intensify is therefore essential, particularly in 43 
regions with growing coastal populations and increasing concentrations of assets in low-lying 44 
areas11–14, where enhanced extremes may further compound risks associated with sea level rise 45 
(SLR)15–17 and increased storminess18–20. Determining whether wave extremes diverge from 46 
mean conditions is equally critical, as it directly affects how future wave hazards are interpreted, 47 
quantified, and incorporated into adaptation planning. Nevertheless, global wave climate 48 
assessments remain less mature than those of other core variables such as temperature, 49 
precipitation, and mean sea level21, despite sea state being considered an Essential Climate 50 
Variable by the Global Climate Observing System (GCOS)22. This gap arises because waves are 51 
not explicitly resolved in most General Circulation Models (GCMs), requiring dedicated 52 
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spectral wave models (or related surrogate models23–25) to generate wave climate projections, 53 
primarily forced by GCM surface winds and sea-ice concentration. 54 

Wave climate studies have evolved alongside different phases of the Coupled Model 55 
Intercomparison Project (CMIP). However, most studies have relied on relatively small and 56 
independent ensembles24,26–47, limiting uncertainty quantification across scenarios, GCM 57 
forcings, and wave modeling approaches. To address these limitations, the Coordinated Ocean 58 
Wave Climate Project (COWCLIP) provides a community-based framework for the generation 59 
and intercomparison of wave climate projections, enabling consistent global assessments and 60 
improved quantification of uncertainties. This international coordinated effort has contributed 61 
substantially to the evidence base assessed in Intergovernmental Panel on Climate Change 62 
(IPCC) reports. Building on previous CMIP-based efforts (COWCLIP-1, based on CMIP326, 63 
and COWCLIP-2, based on CMIP548,49), a new COWCLIP-3 ensemble has been developed 64 
from CMIP6 simulations, comprising 30 wave model realizations from 15 CMIP6 GCMs across 65 
multiple future scenarios (SSP1–2.6, SSP2–4.5 and SSP5–8.5; see Methods). 66 

Although changes in mean wave conditions have been relatively well documented, the response 67 
of wave extremes to climate change remains substantially less understood. Existing assessments 68 
are limited in number, based on small ensembles, often regionally inconsistent and/or mostly 69 
focused on high-frequency extremes50–54. Consequently, a systematic global assessment of 70 
projected changes in wave extremes, including their convergence with or divergence from mean 71 
conditions, remains lacking. 72 

Here, we use COWCLIP-3 to assess projected changes in global mean and extreme wave 73 
climates, with a primary focus on extreme wave heights and their relationship to mean 74 
conditions, including potential divergences. Changes in extremes are evaluated using 75 
complementary approaches that characterize extremes across a broad range of exceedance 76 
probabilities to provide a robust and comprehensive assessment, according to the IPCC 77 
uncertainty framework21. 78 

Projected changes in mean wave climate 79 

The ensemble was evaluated against the ERA555 wave reanalysis (ensemble in Figure 1 and 80 
Figure SM2; individual members in Figure SM3-8) and satellite altimetry wave observations56 81 
(Figure SM1), showing modest biases in magnitude and variability across the global ocean, 82 
supporting the assessment of projected changes (more details in Supplementary Material). We 83 
first examine changes in mean wave climatologies, including wave height, period, direction and 84 
energy flux, represented by significant wave height (Hs), peak wave period (Tp), mean wave 85 
direction (Dirm) and wave energy flux (CgE), respectively (see Methods for definitions). These 86 
mean-state changes provide a background against which changes in extremes are subsequently 87 
evaluated, with Figure 2 contrasting the low and very high GHG-emissions scenarios (SSP1–88 
2.6 and SSP5–8.5, respectively) and the intermediate SSP2–4.5 scenario shown in Figure SM9. 89 

Projected changes in mean Hs exhibit a global pattern across scenarios and time horizons that is 90 
broadly consistent with CMIP5-based assessments48. Widespread decreases dominate the 91 
Northern Hemisphere (NH) mid-latitudes, where they are likely to very likely (see Methods) by 92 
end-of-century under SSP5–8.5. These decreases are consistent with a poleward shift in NH 93 
extratropical storm tracks57–60, together with a weakening of mid-latitude surface winds61 and an 94 
increase in blocking patterns62. In contrast, a latitudinal pattern emerges in the Southern 95 
Hemisphere (SH) mid-latitudes, with decreases (increases) north (south) of ~45°S, consistent 96 
with a poleward shift of the SH extratropical storm tracks63, linked to a positive trend of the 97 
Southern Annular Mode and a strengthening of the westerlies64,65. South of 45ºS (Southern 98 
Ocean; SO), Hs increases become very likely across most regions by end-century under SSP5–99 
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8.5 (Figure 2q). Tropical regions display weaker and more heterogeneous responses, with 100 
decreases dominating most basins, generally likely to very likely under SSP5–8.5. Conversely, 101 
localized increases emerge in the southeastern Pacific (likely under SSP5–8.5 by end-century), 102 
consistent with enhanced SO swell energy and intensified southeasterly trade winds26,39,50. 103 
Additional increases are also identified at the northernmost Indian latitudes (very likely under 104 
SSP5–8.5 by end-of-century).  105 

Projected changes in mean CgE largely mirror those of Hs, albeit with generally greater relative 106 
magnitudes. The increasing signal in the eastern tropical Pacific extends latitudinally, becoming 107 
very likely under SSP5–8.5 by end-century. The North Atlantic shows decreases across most of 108 
the basin under SSP5–8.5 by end-century, whereas the SO exhibits very likely increases by end-109 
of-century. The Indian Ocean maintains a general decrease characterized by high uncertainty. 110 

Mean Tp shows a widespread projected increase (likely to very likely) across most of the SH, 111 
consistent with increasing swell energy from the SO, with the tropical southwestern Pacific as 112 
the main exception. In contrast, the NH exhibits more heterogeneous responses, with decreases 113 
projected in the western Pacific sector and the North Atlantic under SSP5–8.5, and increases in 114 
the eastern Pacific sector (likely to very likely). In the Indian Ocean, increases are widespread 115 
(likely to very likely), except in its westernmost sector, where decreases are likely. 116 

Changes in Dirm exhibit coherent large-scale rotational patterns, predominantly clockwise 117 
across tropical latitudes and anticlockwise in the SH mid-latitudes, consistent with CMIP5-118 
based results48. Tropical regions show likely (likely to very likely) clockwise changes in the 119 
Pacific and Atlantic by mid-century (end-of-century) under SSP5–8.5. In contrast, anticlockwise 120 
rotations in the SH mid-latitudes are likely to very likely under SSP5–8.5 across the Indian, 121 
Atlantic and eastern Pacific sectors, consistent with the poleward shift of SO wave generation 122 
areas66. In the NH mid-latitudes, responses are more heterogeneous, with clockwise rotations 123 
dominating the Atlantic (likely to very likely between 30ºN and 45ºN), while anticlockwise 124 
rotations emerge in the eastern Pacific sector (likely to very likely).  125 

Projected changes in wave extremes 126 

Against this background, we next examine wave extremes, assessed through extreme Hs, which 127 
largely determine the most consequential manifestations of a changing wave climate, and assess 128 
whether their projected changes are consistent with, or diverge from, the underlying mean 129 
conditions. We evaluate these changes using two complementary approaches: return levels and 130 
non-parametric metrics to characterize the frequency and magnitude of threshold exceedances. 131 
Together, these approaches provide a consistent assessment across a broad range of extreme-132 
event probabilities. 133 

We first analyze threshold exceedances above a fixed historical threshold (99th percentile of Hs; 134 
see Methods), quantifying projected changes in both their frequency and mean magnitude 135 
(Figure 3; SSP2–4.5 in Figure SM11). Changes in the exceedance occurrence exhibit relatively 136 
low uncertainty and largely follow the spatial patterns observed in high percentile Hs (Figure 137 
SM10). This indicates that changes in occurrence are strongly influenced by shifts in the mean 138 
wave climate. Widespread decreases in frequency dominate the NH, particularly in the North 139 
Atlantic (high confidence), with a ~60% reduction in tropical regions by end-century under 140 
SSP5–8.5, and in the tropical North Pacific (medium to high confidence). In contrast, increases 141 
are observed in the southeastern tropical Pacific and the SO, with high confidence under SSP5–142 
8.5 by end-century, and medium to high confidence otherwise. The Indian Ocean shows a 143 
generalized decrease, with high confidence (low to medium confidence) in the northern 144 
(southern) regions under SSP5–8.5. 145 
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In contrast to the changes in frequency, projected changes in exceedance magnitude are spatially 146 
noisier and more uncertain, particularly in tropical latitudes (Figure 3). However, they exhibit 147 
clear differences relative to changes in frequency, particularly for the NH. Increasing 148 
magnitudes are identified in the North Pacific and the North Atlantic (medium to high 149 
confidence), with higher confidence for mid-century under both scenarios. This indicates that 150 
exceedances above the historical threshold become more severe despite a generalized decrease 151 
in the mean Hs. Increases are also projected across the SO, with high confidence under SSP5–152 
8.5 by end-century. The western Arabian Sea also shows increasing magnitudes (high 153 
confidence), except for SSP1–2.6 by end-century.  154 

We next examine low-frequency wave extremes, defined here as Hs events associated with 155 
return periods ranging from 10 to 50 years (50-year return levels in Figure 4 and Figure SM12; 156 
10- and 25-year return levels in Figure SM13). Return levels are estimated using a non-157 
stationary extreme-value analysis of monthly maxima of Hs (see Methods). This approach 158 
characterizes both intensity and occurrence of low-frequency events, allowing projected 159 
changes to be assessed in terms of return levels and associated return periods. 160 

Projected changes reveal a coherent large-scale intensification of low-frequency extremes across 161 
the mid-latitudes, with consistent signals across scenarios and time horizons, although 162 
confidence is lower under SSP1–2.6. The projected intensification is most pronounced during 163 
the winter season in each hemisphere (Figure SM14). Across NH mid-latitudes, increases 164 
extend poleward to ~55°N in the Pacific, being mainly concentrated between 35º and 50º in the 165 
Atlantic. Under SSP5–8.5 by end-century, return levels locally exceed 5% increases in the 166 
western and eastern North Atlantic sectors, corresponding to a shortening of historical 50-year 167 
return periods to 20–40 years (medium confidence), with comparable signals in the North 168 
Pacific. Increases are also projected by mid-century under SSP1–2.6 in both basins, with 169 
medium to high confidence in several regions. Prevailing increases are also projected in the SH 170 
mid-latitudes, widely assessed with medium to high confidence, locally reaching ~10%. In some 171 
areas, the historical 50-year Hs is projected to recur in less than 10 years by the end of the 172 
century under SSP5–8.5. 173 

In contrast, tropical regions exhibit more heterogeneous responses, generally dominated by 174 
decreases and limited inter-model agreement. Exceptions are the equatorial Pacific, where 175 
increases are projected consistently across scenarios, with medium to high confidence under 176 
SSP5–8.5 by end-century, and the East China Sea, with medium confidence under the same 177 
scenario. Consistent increases are also identified in the Arabian Sea, with high confidence under 178 
SSP5–8.5 by end-century and medium confidence otherwise. Elsewhere, projected decreases 179 
across the tropical Atlantic, Pacific, and Indian basins are typically characterized by low 180 
confidence. Regional exceptions include the western tropical Atlantic, northwestern tropical 181 
Pacific, and southeastern tropical Pacific under SSP5–8.5 by end-century (medium to high 182 
confidence), where future return periods associated to historical 50-year return levels locally 183 
exceed 100 years.  184 

Wave extremes in several tropical regions are strongly driven by tropical cyclones (TCs), with 185 
their regions of influence shown in Figure SM15. Their indirect influence can extend poleward 186 
as a result of many TC transitioning to post-tropical cyclones, particularly in the North 187 
Atlantic67. Here, no explicit separation between TC-induced extremes and other wave systems is 188 
performed. Although the non-stationary EVA can implicitly capture TC contributions, results in 189 
TC-dominated regions should be interpreted with caution, given the known underestimation68 of 190 
TC frequency and intensity in GCMs and their substantial inter-model differences50 (Figure 191 
SM16). The GEV framework may also reflect differences in the statistical behavior of extremes 192 
across wave-generation regimes through its shape parameter, which has previously been 193 
associated with tropical-cyclone- and extratropical-storm-dominated environments50,53. 194 
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Confidence estimates may therefore be locally overestimated. While studies based on synthetic 195 
TC generation provide a more targeted framework to assess changes in TC-driven extremes68,69, 196 
direct comparability with our analysis is constrained, as tropical extremes may have different 197 
origins. However, comparisons still indicate broadly consistent signs and spatial patterns of 198 
changes in TC-affected regions, although uncertainty estimates differ. This underscores the need 199 
for integrated approaches that explicitly account for multiple wave-generation mechanisms, 200 
including TCs. 201 

Both approaches provide a consistent picture of changes in the tail of the Hs distribution: the 202 
mean magnitude of threshold exceedances provides an integrated characterization of the upper 203 
tail of the distribution, whereas return levels from 10 to 50 years characterize low-probability 204 
extremes within the upper tail. Their convergence indicates coherent responses across a broad 205 
range of extreme-event probabilities despite characterizing extremes through fundamentally 206 
different methodological frameworks (empirical and theoretical). 207 

Results consistently indicate increasing wave extremes across the mid-latitudes of the North 208 
Pacific and North Atlantic under both low- and high-emission scenarios, with the clearest 209 
signals occurring during boreal winter. While increases in the North Pacific have been reported 210 
previously, often with substantial uncertainty50,51, North Atlantic mid-latitude changes have 211 
been variable. Previous studies reported highly uncertain and spatially noisy patterns in this 212 
region under end-century high-emission scenarios, commonly attributed to uncertainties in the 213 
representation of North Atlantic storm tracks70. Here, both approaches reveal consistent 214 
increases, based on an ensemble substantially larger than in previous studies. This has direct 215 
implications for risk assessment in highly populated coastal regions of the North Atlantic and 216 
North Pacific. Our results are consistent with the projected poleward shift, contraction and 217 
intensification of NH storm tracks during boreal winter57,71,72, and particularly with the 218 
increasing frequency of extreme extratropical cyclones58. Additionally, enhanced intensity and 219 
poleward expansion of tropical and post-tropical cyclones under climate change may contribute 220 
further73. 221 

The two approaches also concur in projecting increases in wave extremes across the SO, 222 
consistent with earlier CMIP5-based assessments50,51, similarly showing a reduction in 223 
uncertainty under high emissions toward the end of the century. This pattern aligns with the 224 
poleward shift and intensification of the SH storm track during austral winter, together with the 225 
increase in extreme cyclones58,74,75. In the western Arabian Sea, increases show strong inter-226 
model agreement across all periods and scenarios, consistent with an intensification and 227 
northward shift of the Somali Jet76,77. Additional regions of agreement include the eastern 228 
tropical South Indian Ocean, particularly under high emissions by end-century, and the 229 
equatorial eastern Pacific, with clear increases across periods and scenarios, and lower 230 
uncertainty than reported previously50,51, despite consistent signs of change. These patterns align 231 
with the strong intensification of SO wave extremes. Conversely, a marked disagreement 232 
emerges for the South Atlantic: while earlier studies suggested increasing extremes, often with 233 
high inter-model agreement51, our ensemble reveals a response dominated by decreases under 234 
both approaches, hindered by substantial uncertainty. Overall, consistent large-scale changes in 235 
wave extremes can be identified despite regional uncertainties, particularly across mid-latitudes, 236 
where both approaches converge. 237 

Consistency between mean and extreme wave changes 238 

Having assessed changes in mean wave conditions and extremes separately, we integrate these 239 
results to identify regions of agreement and divergence. These contrasts imply that changes in 240 
the upper tail of the Hs distribution do not necessarily mirror those in mean conditions. Figure 5 241 
combines projected changes in mean Hs with those in 50-year return period Hs. Approximately 242 
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50–60% of the global ocean exhibits agreement in the sign of change across the four future 243 
period-scenario combinations analyzed (Figure 5; SSP2–4.5 in Figure SM17). Such agreement 244 
is maximized by end-century under SSP5–8.5, with moderate and high agreement (see 245 
Methods) covering ~40% and ~12% of the global ocean, respectively, versus <26% and <6% 246 
otherwise. Consistent increases are observed in the southern mid-latitudes and the eastern 247 
tropical Pacific, as evidenced by the analysis of the ensemble-mean Hs distributions (Figure 248 
SM18). In contrast, consistent decreases are observed in the central and western tropical Pacific, 249 
particularly for end-century under SSP5–8.5. 250 

Several key regions display clear and physically meaningful divergences, nonetheless. Across 251 
the mid-latitude North Pacific and broad sectors of the North Atlantic, mean Hs decreases while 252 
extremes intensify (Figure SM18).  253 

The assessment of threshold exceedances (Figure 3) provides further insight into this 254 
divergence. The North Atlantic exhibits increasing magnitudes alongside decreasing occurrence, 255 
suggesting longer quiescent periods punctuated by enhanced extremes. Distributions indicate 256 
that mean ensemble divergences occur above the 99th percentile threshold, such that threshold 257 
exceedances metrics still partly reflect projected decreases, reducing the coherence of 258 
magnitude changes. This is consistent with a clearer increasing signal for higher return periods 259 
(Figure 4, Figure SM13).  In the North Pacific, by contrast, as the transition occurs below the 260 
historical 99th percentile, the mean magnitude of threshold exceedances directly captures the 261 
regime of increasing extremes, leading to a more robust intensification signal in both 262 
approaches. Exceedance counts become, nevertheless, highly sensitive to small distributional 263 
shifts. 264 

With the exception of end-century under SSP1–2.6, these regions exhibit moderate to high 265 
inter-model agreement in this divergent response, extending into the tropical North Pacific by 266 
mid-century under both scenarios. These regions are particularly noteworthy, as earlier 267 
assessments recurrently identified the North Pacific and the North Atlantic as regions of 268 
decreasing mean Hs, often interpreted as indicative of a generalized weakening of wave 269 
conditions. The identification of increasing extremes, supported by two complementary 270 
approaches and substantial inter-model agreement, highlights a fundamental limitation in 271 
inferring extreme behavior from changes in mean conditions. 272 

Similar behavior (high agreement) is identified in the eastern Arabian Sea, the East China Sea 273 
and across the 30ºS-45ºS band of the Indian Ocean (ensemble-mean distributions in Figure 274 
SM18). Regions where extremes decrease despite increasing mean conditions are less common, 275 
occurring locally in the eastern tropical Pacific near 30°S, across scenarios, and in the Gulf of 276 
Guinea by mid-century under SSP1–2.6.  277 

Coastal implications 278 

These results have direct implications beyond the open ocean, as potential increases in coastal 279 
hazards may occur without an obvious signature in mean conditions. Therefore, extrapolating 280 
changes in mean wave climate to infer future extreme behavior may lead to inadequate decision-281 
making, systematically underestimating future hazards in several regions, as changes in the 282 
upper tail can diverge from those in the bulk of the distribution. 283 

To evaluate potential consequences of a changing wave climate, we assess how projected 284 
offshore changes translate into impact-relevant coastal responses. Although our results lack 285 
sufficient resolution for local-scale coastal assessments, they provide a first-order, global-scale 286 
indication of how future wave climate changes may affect coastlines. The selected indicators 287 
should not be interpreted as direct projections of future impacts, but rather as measures of 288 
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coastal sensitivity to projected changes in wave climate. The actual occurrence and magnitude 289 
of these impacts also depend on additional factors, including tides, storm surges, SLR, local 290 
morphological characteristics, and the type and exposure of coastal environments and assets, 291 
which are not represented in our analysis. 292 

Within these limitations, we identify coastal regions particularly sensitive to changes in wave 293 
climate using simple, physically-based indicators (see Methods). We consider three coastal 294 
impacts: longshore erosion, storm-related flooding, and damage to coastal protection 295 
infrastructure. These are linked to changes in wave direction and energy flux, threshold-296 
exceedance Hs magnitude and 95th percentile Tp, and low-frequency wave extremes, 297 
respectively. Figure 6 highlights coastal regions where a potential enhancement of wave-driven 298 
impacts is projected, also identifying the underlying specific wave-related drivers.  299 

Projected changes reveal wave-climate sensitivity (see Methods) along ~62% of the global 300 
coastline, including 55% related to erosion, 31% to flooding, and 3% to infrastructure safety, 301 
with strong regional contrasts; these categories are non-exclusive and may overlap across 302 
coastal segments.  303 

Western continental margins show wave-climate sensitivity to both erosion and flooding. The 304 
widespread increases in high-percentile Tp along these regions (Figure SM10) contribute to the 305 
enhanced sensitivity to flooding, whereas Dirm changes explain the prominence of erosion-306 
related signals. Along the eastern margins of continents sensitivity is mostly dominated by 307 
erosion-related indicators, mainly associated with changes in Dirm.  308 

Flooding-related wave climate sensitivity hotspots are primarily concentrated along tropical 309 
Pacific and Atlantic coasts, as well as parts of the Indian Ocean and southern mid-latitudes. 310 
These regions may be particularly vulnerable to compound flooding from wave-driven 311 
contributions with SLR, particularly along parts of the African coastline where above-average 312 
SLR rates have been projected21. Erosion-related wave-climate sensitivity hotspots are mainly 313 
located along southwestern Africa, the South and Central American coasts, the northern Arabian 314 
Sea, and parts of the southern mid-latitudes. Many coincide with previously identified historical 315 
hotspots of coastal erosion and accretion78,79, while several are also projected to experience 316 
substantial shoreline retreat due to SLR80, suggesting the potential for compounded impacts. 317 

Wave climate sensitivity related to coastal protection infrastructure is more spatially 318 
fragmented, occurring across parts of the Arabian Sea, Gulf of Alaska, Northern Europe, and 319 
selected regions of the Pacific and southern mid-latitudes. These regions host port 320 
infrastructures exposed to open-ocean waves81,82, suggesting a potential increase in safety-321 
related risks associated with reduced design lifetimes.  322 

These findings have direct implications for climate-related decision-making. Coastal impact and 323 
risk assessments have traditionally focused on SLR, often neglecting projected wave climate 324 
changes. Our results show that different coastal impacts, linked to distinct parts of the wave 325 
distribution, require dedicated assessments of their respective changes. Accounting explicitly 326 
for these differences is essential for more reliable future risk assessments, highlighting the need 327 
for dedicated analyses of wave extremes based on large, coordinated ensembles that explicitly 328 
quantify uncertainty. 329 

Further advances in wave climate research remain essential to better understand the response of 330 
wave conditions to climate change. Improved representation of extremes, including those 331 
associated with TCs, remains a key priority, alongside explicit inclusion of ocean waves in 332 
GCMs, and higher coastal resolution to better inform impact assessments. Progress along these 333 
lines, together with coordinated community ensembles and explicit probabilistic uncertainty 334 
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frameworks83, will be critical to translating climate-scale wave projections into actionable 335 
information for coastal adaptation. 336 
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Methods 351 

Wave climate projections ensemble 352 

The wave climate projections considered in this study correspond to a subset of the new 353 
COWCLIP-3 ensemble, developed within the COWCLIP community, and derived from CMIP6 354 
GCM simulations. The selected ensemble members were produced by eight institutions: Centre 355 
for Climate Research Singapore (CCRS), Environment and Climate Change Canada (ECCC), 356 
IHCantabria (IHC), Instituto Dom Luiz (IDL), Indian National Centre for Ocean Information 357 
Services (INCOIS), Mercator Ocean International (MOI), the National Oceanography Centre 358 
(NOC), and CSIRO and the University of Melbourne (CSIRO-UoM). 359 

The ensemble covers SSP1–2.6, SSP2–4.5, and SSP5–8.5, selected to span low, intermediate, 360 
and very high forcing levels and thereby characterize both scenario dependence and high-end 361 
wave-climate responses. We defined 30-year reference and horizon periods to ensure robust 362 
climatological estimates. Changes were evaluated over 30-year periods for mid-century (2036–363 
2065) and end-of-century (2071–2100), relative to the 1985–2014 reference period. The 364 
exception was the product from ECCC, providing 20-year coverage for the reference (1995–365 
2014) and future periods (2041–2060 and 2081–2100). Owing to this temporal inconsistency, 366 
this member was only considered for changes in mean-based climatological metrics. 367 

The variables considered in this study were the significant wave height (Hs), peak wave period 368 
(Tp), wave energy flux (CgE), and mean wave direction (Dirm).  Hs is defined as the average 369 
height of the highest one-third of waves; Tp as the period associated with the maximum spectral 370 
energy density; CgE as the rate of wave energy transport per unit crest length; and Dirm as the 371 
mean direction of wave propagation. The ensemble provides consistent global ocean coverage at 372 
a spatial resolution of 0.75°, and all metrics were computed from 3-hourly outputs. 373 

A detailed description of all horizon-scenario-variable combinations included in the analysis is 374 
provided in Table SM1 of the Supplementary Material. Although some institutional 375 
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contributions have been accompanied by their own performance assessments41,42,45,47, this study 376 
conducted a unified evaluation of the performance of all products used, as described below. 377 

Bias assessment 378 

We performed a bias assessment using ERA5 reanalysis and satellite altimetry as reference 379 
datasets. ERA584 wave fields (ECMWF/WAM with altimeter assimilation) were used across the 380 
1985–2014 period, with altimetric observations taken from the ESA CCI Sea State v4 Level 4 381 
product56, spanning 1995–2014. We computed biases for the mean Hs, and we additionally 382 
evaluated the 95th percentile Hs (Hs95) from ERA5 only. 383 

We assessed climate-variability representation over 1985–2014 using ERA5 as reference. Two 384 
time scales were assessed: (i) intra-annual variability, evaluated as the standard deviation of 385 
monthly means normalized by their mean; and (ii) inter-annual variability, evaluated 386 
analogously using annual means normalized by their climatological mean62. 387 

Extreme-value modelling 388 

We used two complementary approaches to assess projected changes in extreme Hs. The first 389 
approach consisted of an empirical assessment of exceedances above a fixed threshold. The 390 
second, based on extreme value theory (EVT), was used to evaluate changes in lower frequency 391 
extremes. 392 

We assessed changes in both the frequency and magnitude of exceedances above a common 393 
threshold applied to the historical and future periods. The threshold was defined as the historical 394 
99th percentile of Hs, which provided adaptive behavior across regions and avoided a fixed 395 
global threshold that would correspond to different distributional positions. We extracted 396 
exceedances using a peaks-over-threshold (POT) method with a two-day independence 397 
period51,85,86. Changes in frequency were computed as the relative difference in mean annual 398 
exceedance counts between the future and reference periods, while we computed changes in 399 
magnitude as the relative difference in the average intensity of the Hs exceeding the selected 400 
threshold. 401 

We assessed low-frequency extremes as events occurring, on average, once every 10, 25 and 50 402 
years. To do so, we fitted monthly maxima of Hs to a seasonally varying, non-stationary 403 
generalized extreme value (GEV) model by maximum likelihood estimation87–89. Monthly 404 
maxima were used to increase the number of available extreme observations while explicitly 405 
accounting for the seasonal cycle of extremes. In the final model formulation, both the location 406 
and scale parameters were allowed to vary seasonally, while the shape parameter was estimated 407 
independently at each grid cell and kept constant over time. Model complexity was selected 408 
independently at each ocean grid point using a forward likelihood-ratio testing approach. We 409 
first considered a stationary baseline model (model 0), in which both the location and scale 410 
parameters were constant throughout the year. We then compared this baseline against 411 
progressively more complex formulations in which the location parameter included annual and, 412 
when statistically justified, semi-annual harmonic components (Eq. 1). Starting from the 413 
selected location model, we further tested whether adding annual and semi-annual harmonic 414 
components to the scale parameter improved the fit (Eq. 2). Additional terms were retained only 415 
when they resulted in a statistically significant improvement according to the likelihood-ratio 416 
test. This forward selection strategy allowed the model to adapt spatially to different seasonal 417 
structures while avoiding unnecessary overparameterization. We then estimated return levels for 418 
the historical and future periods (Eq. 3-8). 419 
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𝜇(ݐ) = 0ߚ + ∑ 2௜−1ߚ cos(2iπt) + 2௜sin(2iπt)2ߚ
௜=1  Eq. 1 

where ݐ ∈ [0, 1] denotes time within the year, 𝜇(ݐ) is the time-dependent location parameter, 420 (ݐ)ߪ is the time-dependent scale parameter, and ߚ௜ and ߜ௜ are the harmonic coefficients. In the 421 
stationary baseline model, all harmonic coefficients are set to zero, so that 𝜇(ݐ) = (ݐ)ߪ and 0ߚ =422 exp⁡(0ߜ).  423 

Let ܼ(ݐ) denote the monthly maximum of Hs occurring at time ݐ ∈ [0, 1] within the year. The 424 
distribution of ܼ(ݐ) is assumed to follow a GEV location parameter 𝜇(ݐ), scale parameter 425 ,(ݐ)ߪ 
and shape parameter ξ.  426 

For a given threshold ݖ, the conditional non-exceedance probability at time ݐ is: 427 

(ݐ)ܼ)ܲ ≤ (ݖ = ݌ݔ݁ [− (1 + ߦ ݖ − 𝜇(ݐ)(ݐ)ߪ )−1 క⁄ ] , 1 + ߦ ݖ − 𝜇(ݐ)(ݐ)ߪ > 0. Eq. 3 

Assuming independence between monthly maxima, the annual non-exceedance probability of 428 
the level ݖ is 429 

௔ܲ௡௡(ܼ ≤ (ݖ = ݌ݔ݁ [−12 ∫ (1 + ߦ ௭−ఓ(௧)ఙ(௧) )−1 క⁄ 10ݐ݀ ]. Eq. 4 

The integrated return level ்ݖ associated with a return period of ܶ years is defined as the level 430 
such that 431 

௔ܲ௡௡(ܼ ≤ (்ݖ = 1 − 1்,. Eq. 5 

which leads to 432 

12 ∫ (1 + ߦ ௭೅−ఓ(௧)ఙ(௧) )−1 క⁄ 10ݐ݀ = −݈݊ (1 − 1்). Eq. 6 

Changes in low frequency extremes were assessed in two complementary ways: 433 
(i) as relative differences in Hs return levels; and 434 
(ii) by determining the future return period associated with a historical return-level magnitude, 435 
by interpolating within the future return level curve. 436 

log (ݐ)ߪ = 0ߜ + ∑ 2௜−1ߜ cos(2iπt) + 2௜sin(2iπt)2ߜ
௜=1  Eq. 2 
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For seasonal return levels, the fitted non-stationary GEV model was integrated over the months 437 
belonging to each climatological season rather than over the full annual cycle. Thus, for a given 438 
season ܵ comprising ݉ௌ months, the seasonal non-exceedance probability of a level ݖ was 439 
defined as 440 

ௌܲ(ܼ ≤ (ݖ = ݌ݔ݁ [− ∫ (1 + ߦ ݖ − 𝜇(ݐ)(ݐ)ߪ )−1 క⁄ ௧∈ௌ(ݐ)ܰ݀ ], Eq. 7 

where ݀ܰ(ݐ) denotes the monthly occurrence rate within the selected season. In practice, this 441 
corresponds to numerically integrating the fitted seasonal cycle over the fraction of the annual 442 
cycle associated with each climatological season, so that the integrated seasonal return level ்ݖ,ௌ 443 
associated with a return period of ܶ years satisfies 444 

∫ (1 + ߦ ௌ,்ݖ − 𝜇(ݐ)(ݐ)ߪ )−1 క⁄ (ݐ)ܰ݀ = − ln (1 − 1ܶ) .௧∈ௌ  Eq. 8 

Accordingly, boreal winter return levels were obtained from December-January-February 445 
monthly maxima, spring from March-April-May, summer from June-July-August, and autumn 446 
from September-October-November. This approach preserves the seasonal structure of the fitted 447 
non-stationary model while providing season-specific extreme-wave estimates directly 448 
comparable across historical and future periods. 449 

For the non-stationary GEV models, goodness-of-fit was evaluated using conditional 450 
probability-integral-transform (PIT) diagnostics. For each monthly maximum ݔ௜, we computed 451 ݑ௜ = ܨீ ா௏(ݔ௜; 𝜇̂(ݐ௜), ,(௜ݐ)ߪ̂  Under correct model specification, and assuming independence 452 .((ߦ̂
between monthly maxima, the transformed values are expected to follow a Uniform (0,1) 453 
distribution. Departures from uniformity were summarized spatially using the Kolmogorov-454 
Smirnov discrepancy statistic D, with lower values indicating closer agreement between the 455 
fitted model and the observed maxima.  456 

Results are shown in Figure SM19 for the historical period, where most ocean regions exhibit 457 
low D values, indicating generally good agreement between the fitted non-stationary GEV 458 
models and the observed monthly maxima. Future scenarios showed broadly similar diagnostic 459 
behavior (not shown). 460 

Reference period ensemble mean 461 

Historical values representative of the reference period were computed using a weighted 462 
ensemble mean. Given the uneven representation of downstream wave-model configurations, 463 
the driving GCM was treated as the sampling unit, ensuring equal contribution from each GCM 464 
independently of the number of associated ensemble members 465 

For each member m, the weight was defined inversely proportional to the number of members 466 
originating from its parent GCM so each driving atmospheric model has equal contribution90. 467 
Let ݊௜,௠ denote the number of members associated with the GCM i for member m. The raw 468 
weight for member m is: 469 

௠ݓ = 1 ݊௜,௠⁄∑ 1 ݊௜,௠⁄௠=ெ௠=1  Eq. 9 
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 470 

where M is the total number of ensemble members. The weighted ensemble mean of a variable 471 
X is then 472 

ܺ̅ = ∑ ௠ݓ · ܺ௠ெ  Eq. 10 

For Dirm, weighted circular means were computed. 473 

Projected change computation 474 

We computed projected changes as percentage changes relative to the reference period except 475 
for Dirm, for which the angular change between the future and reference circular means was 476 
calculated. These were obtained using a weighted mean across all ensemble members, so that 477 
each driving GCM has equal contribution, following the same procedure as for the reference 478 
period ensemble mean (Eq. 9 and Eq. 10).  479 

Uncertainty assessment 480 

We assessed uncertainty in projected changes following the IPCC AR6 framework91. Projected 481 
changes were reported using the weighted ensemble mean as the best estimate. Mean 482 
climatologies and wave extremes were assessed separately. 483 

For mean climatologies, a quantitative, ensemble-based assessment was adopted, based on the 484 
high level of evidence provided by model performance evaluation and the availability of a large 485 
ensemble. The proportion of models for which the projected change exceeded internal 486 
variability and agreed on the sign of change was determined. Internal variability for each 487 
member was first estimated from the interannual standard deviation of the detrended historical 488 
annual series. Following the IPCC AR6 Atlas.192 procedure for cases without piControl 489 
simulations, the variability threshold was defined as γ = √(2/N) × 1.645 × δ(1yr), where δ(1yr) 490 
is the interannual standard deviation of annual mean values, and N is the length of the 491 
climatological averaging window. A model was considered to exceed internal variability when 492 
its projected change was larger than this threshold. When 66–80% of models exceeded internal 493 
variability and agreed on the sign of change, the change was classified as likely; when the 494 
percentage exceeded 90%, it was classified as very likely. 495 

Projected changes in wave extremes were assessed in terms of confidence rather than likelihood 496 
because climate emergence could not be robustly quantified against internal variability. For 497 
frequent extremes, although internal variability was quantified using the same procedure applied 498 
to mean climatologies, projected changes rarely exceeded this threshold due to the large 499 
interannual variability associated with the limited number of exceedances per year. 500 
Consequently, confidence does not reflect formal signal emergence relative to internal 501 
variability, but rather the consistency of the sign of change across the ensemble. High 502 
confidence was assigned when a strong inter-model agreement on the sign of change (≥80% of 503 
models). Medium confidence was assigned when an inter-model agreement on the sign of 504 
change in 66–80% of models showed a consistent sign of change. Low confidence was assigned 505 
in regions with limited agreement (<66%), indicating that projected changes were dominated by 506 
inconsistent model responses.  507 

For changes in low-frequency wave extremes, derived with an Extreme Value Analysis, internal 508 
variability could not be estimated following a consistent approach. Confidence levels were 509 
determined based on two criteria: (i) model agreement and (ii) the uncertainty of the extreme-510 
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value modeling. To quantify the latter, a bootstrap with replacement was applied to resample the 511 
monthly maxima used as inputs to the extreme-value model. To preserve seasonal consistency, 512 
bootstrapping was performed independently for each calendar month. 100 bootstrap samples 513 
were generated for each ensemble member, and projected changes were computed for all 514 
realizations. Let ̂݌ denote the fraction of bootstrap realizations exhibiting a positive change (or, 515 
equivalently, the dominant sign of change). A member was considered directionally stable only 516 
when the dominant sign was at least twice as frequent as the opposite sign, i.e., when 517 max(̂݌, 1 − (̂݌ ≥ 2/3. This criterion ensures that the inferred direction of change is stable under 518 
sampling uncertainty in the extreme-value fit, requiring a clear dominance of one sign over the 519 
other in the bootstrap distribution. Otherwise, the uncertainty in the extreme-value modeling 520 
was considered excessive, and the member was treated as neutral, that is, contributing to the 521 
ensemble count but not to the sign-of-change agreement. 522 

Grid points where at least 80% of all available ensemble members were directionally stable and 523 
supported the same sign of change were assessed as having high confidence. Grid points where 524 
this proportion was between 66% and 80% were assessed as having medium confidence. In 525 
contrast, grid points where fewer than 66% of all available ensemble members were 526 
directionally stable and supported the same sign of change were assessed as having low 527 
confidence, reflecting limited directional stability, inconsistent responses across ensemble 528 
members, or a combination of both. 529 

To avoid misinterpretation between the calibrated IPCC uncertainty language and the map-530 
based plotting categories, we explicitly distinguish between the two. The calibrated terminology 531 
(likelihood and confidence levels) was used exclusively in the manuscript text to describe the 532 
strength of the findings. In contrast, the maps follow the fixed categorical scheme defined in 533 
Cross-Chapter Box Atlas.1, which is not intended to reproduce calibrated IPCC terms but to 534 
provide a consistent visual representation of model agreement and signal emergence. 535 
Consequently, the terminology in the text (likelihood for mean changes, confidence for 536 
extremes) and the terminology in the figures (agreement- and robustness-based overlays) should 537 
not be interpreted as a direct translation of the map categories shown in the figures. 538 

The representation of uncertainty in the maps followed the IPCC AR6 Cross-Chapter Box 539 
Atlas.1 procedure. Changes in mean climatologies and percentiles were evaluated using an 540 
adapted Approach C. Changes in extremes, derived from a more elaborate analysis, were 541 
assessed using an adapted Approach B. All maps display only the weighted ensemble mean. 542 

Approach C applies two criteria: (i) agreement on the sign of change, and (ii) whether each 543 
model’s projected change exceeds its internal variability. A robust change occurs when ≥80% 544 
of models agree on the sign and ≥66% exceed internal variability. If ≥66% exceed internal 545 
variability but agreement was <80%, the change is classified as conflicting change (black cross-546 
hatching). When fewer than 66% exceed variability, regions were considered as no change or 547 
no robust change; here we distinguish two cases: emerging signal but not fully robust change 548 
(agreement ≥80%, variability exceeded by <66%, shown with grey diagonal hatching) and non-549 
robust changes (agreement <80%, black diagonal hatching). 550 

The adapted Approach B was applied to threshold exceedances and low-frequency extremes and 551 
classifies changes according to inter-model agreement on their sign. For low-frequency 552 
extremes, agreement was calculated only among ensemble members whose extreme-value 553 
estimates passed the internal robustness criterion based on bootstrap resampling. Directionally 554 
unstable members remained in the denominator but contributed to neither sign. For threshold 555 
exceedances, agreement was calculated across all ensemble members, since limited detectability 556 
relative to internal variability constrains probabilistic interpretation but does not invalidate the 557 
directional signal. In both cases, grid points with ≥80% agreement were classified as high-558 
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agreement change (filled-black stippling), those with 66–80% agreement as moderate-559 
agreement change (empty-black stippling), and those with <66% agreement as low-agreement 560 
change (no overlay). For visual clarity, overlays were applied to the less spatially extensive 561 
categories in each approach: hatching identifies changes not classified as robust under Approach 562 
C, whereas stippling highlights moderate- and high-agreement changes under Approach B. 563 

In the comparison between changes in mean conditions and extremes, the same adapted 564 
Approach B is applied simultaneously to both cases. High-agreement change therefore requires 565 
that both mean conditions and extremes exhibit >80% agreement in the sign of change 566 
(including directional stability for extremes), with the remaining categories defined consistently 567 
following the same criteria. 568 

Sea ice 569 

Different sea ice parameterizations have been used across the members of the COWCLIP-3 570 
ensemble (Table SM3). Many members apply threshold-type approaches, assuming land (total 571 
wave blocking) over a certain sea ice concentration (SIC), with the option to partially block 572 
wave propagation for a lower range of SIC. Other approaches follow a frequency-dependent ice-573 
induced wave attenuation method which gradually reduces wave energy under partially sea ice 574 
covered areas (particularly for high frequencies).  575 

To minimize the influence of model-dependent sea-ice treatments, we focus primarily on 576 
regions with limited wave blocking by sea ice. Rather than using SIC directly, areas were 577 
identified according to the proportion of blocked wave outputs, defined as either NaN values, or 578 
Hs < 0.1 m, depending on the parameterization used by each model. Grid cells were retained 579 
only where the percentage of blocked outputs remained below 30%. At the ensemble level, 580 
climatological statistics were computed only from grid cells satisfying this criterion across all 581 
ensemble members. 582 

For the analysis of threshold exceedances, only strictly complete time series were considered. 583 
Ice-related missing or near-zero outputs arise from model-specific sea-ice parameterizations and 584 
may interrupt storm events or leave exceedances incomplete. Restricting the analysis to 585 
complete time series ensures a consistent identification of exceedances across ensemble 586 
members and grid cells.  587 

Coastal assessment 588 

We assessed the potential implications of changes in wave climate along the global coastlines 589 
for three types of coastal impacts: flooding, erosion, and damage to coastal infrastructure.  590 

Near-coastal grid cells were identified through a two-stage selection procedure. First, all grid 591 
cells were evaluated against the Global Self-Consistent Hierarchical High-Resolution 592 
Geography (GSHHG) version 2.3.7 coastline dataset, and the great-circle distance to the nearest 593 
coastline segment was computed using a spherical formulation. Grid cells located less than 100 594 
km of the coastline were retained. This mask was then refined through interactive inspection, 595 
selectively excluding cells where the automatic criterion was insufficient (e.g., Maritime 596 
Continent). This manual curation removed cells along enclosed or semi-enclosed basins, inland 597 
water bodies, estuarine regions, and other artefacts arising from coastline complexity or member 598 
grid representation. 599 

For each impact, we defined wave-climate-based indicators, used as proxies to infer potential 600 
implications for the corresponding impact. For erosion-related impacts, we analyzed changes in 601 
Dirm and mean CgE. Wave direction is a key control on longshore erosion, as variations in the 602 
angle of wave incidence can substantially modify the redistribution of sediment along the 603 
coast93,94. Although referred to as erosion throughout the manuscript, this category should be 604 
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interpreted as a first-order indicator of potential shoreline response associated with changes in 605 
wave-driven longshore erosion, including both erosional and accretional tendencies.  In 606 
addition, wave energy flux characterizes the amount of energy transported by waves and 607 
provides a physically based measure of their potential to mobilize and transport sediment upon 608 
reaching the coast95.  609 

For flooding-related impacts, we considered changes in the mean magnitude of threshold 610 
exceedances above the historical 99th Hs, and in the 95th percentile Tp. Both wave height and 611 
period influence wave-induced water level contributions at the coast, including wave setup and 612 
run-up96. The threshold exceedances of Hs were used to characterize energetic wave conditions 613 
typically associated with storm-driven sea states. 614 

For infrastructure-related impacts, we analyzed changes in the 50-year return level of Hs. 615 
Extreme wave heights associated with specific return periods are commonly used in the design 616 
and assessment of coastal protection infrastructures97–99. 617 

For all indicators (except Dirm), we identified a potential increase in impact-related risk when 618 
there is high inter-model agreement in projecting larger values (i.e., an increase in magnitude). 619 
For Dirm, we interpreted robust changes in magnitude (either positive or negative) as an 620 
alteration of the wave forcing relevant to coastal processes, without implying a deterministic 621 
increase or decrease in impact severity. We evaluated indicators independently, and a high inter-622 
model agreement change in at least one indicator was interpreted as a signal of wave-climate 623 
sensitivity of the coastal system. We considered a high inter-model agreement change when 624 
more than 80% of members agreed on the sign of change. Coastal regions meeting this criterion 625 
were referred to as wave-climate-sensitive coastal regions. Within these regions, regions where 626 
all indicators associated with a given impact exhibited high inter-model agreement changes 627 
were highlighted as wave-climate-sensitive coastal hotspots for that impact.   628 
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Figures 897 

Figure 1: Global ensemble bias assessment. Mean bias relative to ERA5 reanalysis in (a) mean Hs, (b) the 95th percentile of Hs, (c) 898 
the monthly variability index (see Methods), and (d) the interannual variability index (see Methods). The panels above and beside 899 
each map show the 25th (dark gray) and 75th (pink) percentiles of the inter-model standard deviation as a function of longitude 900 
(horizontal panels) and latitude (vertical panels). The number of ensemble members used in the calculation is indicated in Table SM2. 901 

 902 

Figure 2: Projected changes in mean wave climatologies. Historical ensemble mean of (a) mean Hs, (b) mean Tp, (c) mean CgE  and 903 
(d) mean Dirm. Projected changes in (e, i, m, q) mean Hs, (f, j, n, r) mean Tp, (g, k, o, s) mean CgE, and (h, l, p, t) mean Dirm. Changes 904 
are shown for the SSP1–2.6 (e-l) and SSP5–8.5 (m-t) scenarios. Projected changes in scalar variables are expressed as relative changes 905 
for mid-century (2036–2065; e-h, m-p) and end-century (2071–2100; i-l, q-t) relative to the reference period (1985–2014). Projected 906 
changes in Dirm are expressed as absolute changes (degrees) for the same time horizons. Robust change is shown without hatching; 907 
conflicting change with black cross-hatching; emerging but not fully robust change with gray diagonal hatching; and non-robust 908 
change with black diagonal hatching (see Methods for a full description of the uncertainty representation). The number of ensemble 909 
members used in the calculation is indicated in Table SM2. 910 

 911 

Figure 3: Projected changes in threshold exceedances. Historical ensemble mean (a) annual frequency of occurrence and (b) mean 912 
exceedance magnitude above the historical 99th percentile of Hs. Projected changes in (c–f) annual frequency of occurrence and (g–j) 913 
mean exceedance magnitude. Changes are shown for the SSP1–2.6 (c–d, g–h) and SSP5–8.5 (e–f, i–j) scenarios. Projected changes 914 
are expressed as changes for mid-century (2036–2065; c, e, g, i) and end-century (2071–2100; d, f, h, j) relative to the reference period 915 
(1985–2014). High-agreement change is shown with filled black stippling; moderate-agreement change with empty black stippling; 916 
and low-agreement change without overlay (see Methods for a full description of the uncertainty representation). The number of 917 
ensemble members used in the calculation is indicated in Table SM2. 918 

 919 

Figure 4: Projected changes in return levels and return periods. (a) Historical ensemble mean 50-year return level of Hs. (b–e) 920 
Projected changes in the 50-year return level of Hs and (f–i) projected return periods of the historical 50-year return level of Hs. 921 
Results are shown for the SSP1–2.6 (b-c, f-g) and SSP5–8.5 (d-e, h-i) scenarios. Projected changes are expressed as relative changes 922 
for mid-century (2036–2065; a, c) and end-century (2071–2100; b, d) relative to the reference period (1985–2014). Future return 923 
periods are shown for the same scenarios and time horizons (in years). High-agreement change is shown with filled black stippling; 924 
moderate-agreement change with empty black stippling; and low-agreement change without overlay (see Methods for a full 925 
description of the uncertainty representation). The number of ensemble members used in the calculation is indicated in Table SM2. 926 

 927 

Figure 5: Consistency between projected changes in mean and extreme wave heights. Projected changes in mean conditions are 928 
represented by changes in mean Hs. Projected changes in extreme conditions are represented by changes in the 50-year return level of 929 
Hs. Colors indicate the different combinations of the signs of change for mean and extreme wave conditions. Changes are assessed for 930 
the SSP1–2.6 (a, c) and SSP5–8.5 (b, d) scenarios, for mid-century (2036–2065; a-b) and end-century (2071–2100; c-d) relative to the 931 
reference period (1985–2014). High-agreement change is shown with filled black stippling; moderate-agreement change with empty 932 
black stippling; and low-agreement change without overlay (see Methods for a full description of the uncertainty representation).  933 

 934 

Figure 6: Coastal sensitivity to wave climate changes. Colors indicate coastal regions where projected changes in wave-climate 935 
indicators are associated with increased sensitivity to flooding, erosion, or infrastructure damage, with more than 80% of ensemble 936 
members agreeing on the sign of change. Light-grey coastal segments indicate that none of the indicators met this criterion. For 937 
circular variables, no distinction is made between directions of rotation.  938 


