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Abstract 14 

In the lack of wave measuring buoys operating over extended periods, the use of wave hindcast 15 

data or satellite observations is indispensable for estimating global extreme wave heights. 16 

However, the results may depend on the analysed wind wave sources and the length of the 17 

analysed period. The sensitivity of the estimated extreme significant wave heights (SWH) to 18 

the analysed data sources and periods is investigated in this study. Global extreme wave heights 19 

are estimated using ECMWF Reanalysis v5 data (ERA5), global wave hindcast developed 20 

based on Simulating WAves Nearshore forced by the Japanese 55-year Reanalysis (SWAN-21 

JRA55), satellite altimeter observations, and long-term wave buoy measurements. Both Annual 22 

Maximum fitting to the Generalized Extreme Value Distribution (AM-GEV) and Peaks Over 23 

Threshold fitted to the Generalized Pareto Distribution (POT-GPD) models are used. The 24 

results show that the global extreme SWH estimates considerably depend on the analysed data 25 

sources. The relative differences observed between the analysed data sources are >20% in large 26 

part of the world. Thus, by increasing the analysed data periods, the relative differences in 27 

extreme SWH are mainly lower, but they can reach 30% and are more important using AM-28 

GEV. Besides, by comparing the extreme values from reanalysis and hindcast wave data to 29 

those from long-term wave measurements, underestimations of up to 2 m are observed for a 30 

return period of 100 years in the North-West Atlantic and North-East Pacific. 31 

Keywords: Global extreme waves; Annual maximum; Peak-over-threshold; extreme value 32 

analysis; Generalized extreme value distribution; Generalized Pareto distribution   33 
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1. Introduction 35 

Estimating the extreme waves for specific return periods is among the most essential and critical 36 

information required for various coastal and offshore engineering applications (Campos et al. 37 

2019), such as the design of offshore and coastal structures (Panchang et al. 2013) and naval 38 

architecture (Buxton and Stephenson 2001; Caires et al. 2006). A reliable estimation of the 39 

extreme significant wave height (SWH) is crucial to secure, sustainable, and economical 40 

designs in all marine facilities. The accurate estimate of the extreme wave climate may depend 41 

on several factors, e.g., the accuracy of the used wave hindcast data or wave observation (Wada 42 

and Waseda 2018, 2020), the size of the analysed sample (Orimolade et al. 2016), and the 43 

considered period (Cai and Hames 2010). Thus, as demonstrated by several researchers, the 44 

estimated extreme wave conditions depend on the methodology used for the extreme value 45 

analysis (EVA) (Sartini et al. 2015b; Orimolade et al. 2016; Samayam et al. 2017). The climate 46 

change phenomena may also affect the estimated values of the extreme SWH (Grabemann et 47 

al. 2008; Lobeto et al. 2021; Vieira et al. 2021). The most widely used statistical models are the 48 

annual maximums fitted to the generalized extreme value distribution (AM-GEV model) and 49 

the peak over the thresholds fitted to the generalized Pareto distribution (POT-GPD model). 50 

The accuracy of these statistical models depends mainly on the goodness of fit between the 51 

theoretical distribution and the analysed data and on the confidence interval of the estimated 52 

distribution parameter (Soukissian and Tsalis 2015).  53 

The wave climate distribution may change depending on the time period and data availability. 54 

The inter-annual variability in wave climates can lead to variations in the SWH distribution 55 

parameters and, therefore, in the results of extreme value analyses. On the other hand, from a 56 

statistical point of view, large sample size may reduce the confidence intervals. However, the 57 

shape of the distribution may also change depending on the sample size, which may change the 58 

goodness of the fit against the used distributions. Hence, the present study aims to evaluate the 59 

sensitivity of the global extreme SWH estimates to the data sample sources and characteristics, 60 

size or time period, and the used models. As we noticed through the results of the estimated 61 

global extreme SWH in the previous studies, the results can be widely distinct in several 62 

regions. These studies (Alves and Young 2003; Mori et al. 2010; Vinoth and Young 2011; Yang 63 

and Oh 2018; Takbash and Young 2019, 2020) used different data sources, analysed periods, 64 

and methods. The sensibility to the used model was previously evaluated by (Soukissian and 65 

Kalantzi 2006; Sartini et al., 2015b; Orimolade et al. 2016). Thus, Cai and Hames (2010) and 66 

Orimolade et al. (2016) evaluate the uncertainty related to the sample size in the Barent Sea. In 67 
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the present study, the extreme wave analysis was applied using two models, i.e., POT-GPD and 68 

AM-GEV, and with four different wave data sources; i) a 60-year wave hindcast dataset 69 

developed using the Simulating Wave Nearshore (SWAN) (Booij et al. 1999; Ris et al. 1999) 70 

model forced by Japanese 55-year Reanalysis (JRA-55) wind reanalyses, ii) the fifth generation 71 

ECMWF wave reanalyses (ERA5) for 40 years, iii) the satellite observations calibrated and 72 

provided by IFREMER for 20 years, and iv) wave buoy measurements provided by Copernicus 73 

at 40- and 30-year periods. In all analyses, the maximum likelihood estimators (MLE) are 74 

considered for estimating distribution parameters. This method was recommended by 75 

Mathiesen et al. (1994) and has been widely used since then (Coles 2001; Caires et al. 2006; 76 

Mazas and Hamm 2011; Neary et al. 2020). However, the sensitivity of the results to the used 77 

parameters estimate method was not evaluated in the present study. For the evaluation of the 78 

goodness of fıt in both used distributions (GEV and GPD), it was assessed using the 79 

Kolmogorov-Smirnov test (K-S test), advised by Mathiesen et al. (1994),  and applied 80 

independently for each location in the globe, for all analysed data sources and for the different 81 

periods considered. The K-S test was used in several studies (Mínguez et al. 2013; Agarwal et 82 

al. 2013), focusing on estimating the extreme SWH.  83 

The particularity in the present study consists of evaluating both sensitivities of the wave 84 

distribution and estimated extreme waves to both sample size and data sources on a global scale. 85 

Thus, a new approach for threshold selection on a global scale was proposed to ensure a reliable 86 

comparison of extreme SWH estimates of different datasets. Noting that the selected threshold 87 

depends on the wave climate at the chosen location, the wave climate of the analysed period 88 

and data sources are independently considered. The proposed method for selecting the threshold 89 

at a global scale is derived from the one proposed by Bernardara et al. (2014)  and consists of 90 

defining the threshold value for which the exceeding independent data best fits the GPD. The 91 

best fit in the present study is defined based on the K-S test. Knowledge of the sensitivity of 92 

extreme wave estimates to sample size and data sources can be very valuable for engineering 93 

applications and decision-makers. It can be important to determine the minimum duration and 94 

good data sources to be considered for a more accurate estimation of extreme SWHs depending 95 

on the study region, as well as to appreciate the probable uncertainties in the estimated extreme 96 

wave analysis results. 97 

 98 

 99 
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2. Methodology 100 

The extreme wave analysis is mainly performed using theoretical distribution functions (Goda 101 

2000). The observed wave data can be statistically fitted to different distribution functions. The 102 

distribution of the retrospective wave climate data determines the privileged distribution. The 103 

selected distribution functions can be assessed by a goodness of fit test. However, there is no 104 

theoretical evidence to establish a standardized distribution model (Mathiesen et al. 1994). 105 

Currently, one of the most used and recommended distribution models for extreme wave height 106 

analysis is the POT-GPD, which according to Cañellas et al. (2007), provides a proper 107 

estimation for wave climate analysis. The AM-GEV model is also recommended and widely 108 

used (Cañellas et al. 2007; Sartini et al. 2015a; Saeed Far and Abd. Wahab 2016; Sulis et al. 109 

2017). However, long-term wave data are required for using this model.  110 

A simple and reproducible approach is applied to assess the sensitivity of the extreme wave 111 

estimated results to the used methods, the analysis data period, and the used data sources. Those 112 

data include wave buoy measurements, satellite observations, wave reanalysis, and modeled 113 

wave hindcast. We divided the data in time by ten years scale factor for the last three wave data 114 

sources. The shape parameters are estimated for each dataset using the MLE method, and the 115 

goodness of fit of the different used data sets against two used distribution models was tested 116 

using K-S test. The K-S test results concerning the data with significant fit were mapped. On 117 

the other hand, for each analysed dataset, the upper confidence interval of the estimated shape 118 

and scale parameters are computed for a confidence level of 95% and mapped. Based on the 119 

estimated distribution parameters of each dataset, the returned period results obtained for 120 

different data sources and different data periods using AM-GEV and POT-GEV distribution 121 

models were estimated, inspected, and compared through global spatial maps. The extreme 122 

waves for a return period up to 100 years are also estimated using offshore buoy measurements 123 

and compared graphically to those obtained from the ERA5 reanalysis data and JRA-55 wave 124 

hindcast data at the nearest location. Thus, the goodness of fit of each data set against both 125 

distribution models (GEV and GPD) was evaluated using K-S test, considering a confidence 126 

level of 95% for a significant fit.   127 

As there is no theoretical approach to validate the estimated extreme wave values, we consider 128 

that the more probably correct estimations are the results obtained using the buoy measurement 129 

data set, with a more considerable analysed period and a proper fit to the used distribution 130 

model. 131 
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 132 

2.1. AM-GEV model 133 

One of the most used techniques for investigating extreme waves for different return periods is 134 

the AM-GEV model. This approach involves using the GEV cumulative distribution and 135 

adjusting the yearly maxima values. The Gumbel, Frechet, and Weibull families of distributions 136 

are assembled as GEV Distribution family. Following is a description of the GEV's cumulative 137 

distribution function: 138 

𝐺(𝑥) = exp⁡{− [1 + 𝜉 (𝑥−𝜇𝜎 )]−1 𝜉⁄ }                                                                                        (1) 139 

The three parameters of the GEV distribution are the shape parameter ξ (−∞ < ξ < ∞), scale 140 

parameter σ (σ > 0), and location parameter μ. The Gumbel family corresponds to Type I of the 141 

tail if ξ equals zero; the distribution function in this situation is explained as follows: 142 𝐺(𝑥) = exp {⁡− exp [−(𝑥−𝜇𝜎 )]} ⁡                                                                                             (2) 143 

When ξ is less than zero, it is referred to as having a tail Type II (Frechet distribution family). 144 

When ξ is greater than zero, it is admitted that the GEV has a tail of Type III that matches the 145 

Weibull distribution family. To estimate these GEV distribution parameters, MLE is used. The 146 

following equation describes the estimation of the likely return values Zm over a return period 147 

of m years based on the AM-GEV approach. 148 

𝑍𝑚 =⁡{⁡𝜇 − 𝜎𝜉 [1 − {−𝑙𝑜𝑔 (1 − 1𝑚)}−𝜉] ⁡⁡,⁡⁡⁡⁡𝑖𝑓⁡𝜉 ≠ 0⁡⁡𝜇 − 𝜎 ln [−𝑙𝑜𝑔 (1 − 1𝑚)] ⁡⁡⁡,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝜉 = 0                                                            (3) 149 

Utilizing AM-GEV method allows us to analyze the same amount of data, the same simple size 150 

at the same duration, and a more objective comparison between the different return levels 151 

obtained using different data sources.  152 

 153 

2.2. POT-GPD model 154 

Using the POT-GPD for estimating the return periods of extreme waves, we consider the series 155 

of values xi, .......xn from ‘n’ independent SWH values. After a specific threshold value (u) is 156 

defined, the values exceeding the amount of u are filtered and then adjusted to the GPD. The 157 
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shape parameter ξ (−∞ < ξ < ∞) and the scale parameter σ (σ > 0) are the two parameters of 158 

GPD, and the distribution function is given by 159 

𝐹(𝑦) = ⁡{⁡1 − (1 + 𝜉⁡ 𝑦𝜎)−1𝜉 ⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝜉 ≠ 0⁡1 − 𝑒𝑥𝑝 (−⁡𝑦𝜎) ⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝜉 = 0                                                                                 (4) 160 

When ξ=0, the GPD is expected to have a tail of Type I (exponential distribution). Otherwise, 161 

it is assumed that the GPD has a tail Type II similar to the Pareto distribution if ξ>0.  If ξ< 0, 162 

the tail is Type III, a case of the beta distribution.  163 

The maximum value of x that is expected to return at least once within the next m years can be 164 

found by solving the following function using the POT-GPD approach to estimate the likely 165 

return values during a return time of m. 166 

𝑓(𝑥𝑚) = 𝜁𝑈 ⁡ [1 + 𝜉 (𝑥𝑚−𝑢𝜎 )]−1 𝜉⁄ =⁡ 1𝑚                                                                                     (5) 167 

where f(x) is the GPD's probability density function, ζU is the probability that the value of x 168 

exceeds the threshold value u (ζU = Pr{ X > u}) (Saeed Far and Abd. Wahab 2016), and the 169 

equation that follows is a solution to determine the return level, xm: 170 

𝑥𝑚 =⁡{⁡𝑢 + 𝑦𝜎 [(𝑚⁡𝜁𝑢)𝜉 − 1]⁡⁡,⁡⁡⁡⁡𝑖𝑓⁡𝜉 ≠ 0⁡𝑢 + 𝜎⁡𝑙𝑜𝑔(𝑚⁡𝜁𝑢)⁡⁡,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝜉 = 0                                                                               (6) 171 

where m is the average number of events during a return period. According to (Goda 2010), the 172 

POT approach allows for an increase in mean rate and sample size, which reduces the return 173 

value's standard deviation. 174 

 175 

2.3.Threshold selection 176 

Setting the threshold is a tricky challenge in POT approach. The threshold value selection must 177 

be based on the meteorological data in the study area, as advised by Mathiesen et al. (1994). To 178 

achieve a robust fit, it is important that the threshold selected for the POT-GPD model is set 179 

high enough and that a sufficient number of peaks are identified. For the choice of adequate 180 

threshold values, several methods are applied. Coles (2001) presented graphical approaches to 181 

select an appropriate threshold, which consists of observing the stability of the Pareto shape 182 

parameters (ξ) and the modified scale (σ* = σu- ξu) or the mean residual life plot concerning the 183 

dataset that exceeds different threshold values. The estimated parameters are plotted as a 184 
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function of their corresponding threshold, and finally, the appropriate threshold is defined 185 

graphically based on the plot stability (see Coles 2001). The estimated parameters are nearly 186 

constant for the given u threshold values before becoming very variable due to the smaller 187 

sample size (Caires 2016). The accuracy of this method is subjective and may be affected by 188 

observer error, and may not be appropriate on a global scale and for an accurate comparison 189 

between results obtained by employing the same model with different data sources and different 190 

data lengths. Limiting the subjectivity associated with the graphical threshold selection is 191 

necessary to guarantee that outcomes from various points are similar and repeatable (Nicolae 192 

Lerma et al. 2015). Thus, a minimum time interval between two successive peaks should be 193 

defined to ensure that the fitted datasets are independent peaks. Mathiesen et al. (1994) have 194 

recommended a minimum local maximum of 2 days. The present study uses a minimum of 2 195 

days’ peak interval.  196 

As the graphical method is not automatic and practically unfeasible manually on a global scale, 197 

and as there is no theoretical approach for the threshold selection, we applied a complex but 198 

programmable method for threshold estimations. This method selects the threshold for which 199 

the exceeding data that significantly fit GPD shows the highest confidence level using the K-S 200 

test. The goodness of fit for the datasets exceeding all evaluated threshold values is tested using 201 

K-S test and compared based on the obtained significant confidence level values. If the 202 

confidence levels are similar for different tested threshold values, the lowest threshold is 203 

considered to increase the data sample size. For this purpose, an iterative approach was used. 204 

The threshold selection was performed separately for each evaluated data source and location. 205 

Thus, the peaks are filtered by considering the maximum peak value from the non-independent 206 

storms. The used approach allows an automatic and objective selection of the threshold on a 207 

global scale by ensuring that the data over the threshold significantly fit the GPD with the 208 

highest confidence level. This approach deviates from that proposed by Bernardara et al., 209 

(2014) and is adapted for a global spatial application on multiple sources. The approaches 210 

proposed by Bernardara et al. (2014)  is based on two complementary steps: the first is to ensure 211 

a sample of independent values, and the second is to fix the optimal convergence threshold 212 

towards the GPD. In the previous study, the 70th percentile was defined as a minimum 213 

recommended threshold for North Pacific regions (Takbash and Young 2020). Thus, a fixed 214 

threshold percentile of 90th and 95th was also globally used in literature (Takbash and Young, 215 

2019; Gramcianinov et al. 2020). The threshold values selected in this study are shown in Figure 216 

1. The selected thresholds vary depending on the analysed dataset. The threshold values 217 

increase slightly with the increasing sample period. The threshold values obtained from the 218 



8 

 

satellite observation are much lower than those selected for ERA5 and SWAN-JRA-55. The 219 

thresholds varied between 2 m and 3 m in the equatorial regions and reached 8-10 m in the 220 

Southern Ocean and the northern Pacific using SWAN-JRA-55 and ERA5 datasets. For satellite 221 

observations, the maximum threshold is 6 m in the North Atlantic and reaches 7 m in the 222 

Southern Ocean. 223 

 224 

Figure 1. Threshold values providing a significant fit to GPD distribution, with the highest p-225 

value estimated based on K-S test 226 

 227 

2.4. Distribution parameter estimator 228 

To define the theoretical distribution shape for the analysed data, the distribution parameter 229 

should be estimated. For this, several estimate methods can be used, e.g., the graphical fitting 230 

method, the least squares method, the method of moments, and the maximum likelihood 231 

method. Those methods were evaluated by Van Vledder et al., (1994), who estimated the 232 

extreme SWH for a 100-year return period using different distribution parameter estimation 233 

methods for both POT-GPD and AM-GEV models and found slight differences comparing the 234 

estimated results. They found that using POT-GPD showed more differences related to the 235 

selected threshold u (Van Vledder et al. 1994). In the present study, the MLE is used for 236 
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estimating the GPD parameters for POT-GPD model and for estimating the GEV distribution 237 

parameters for AM-GPD model. The MLE method is carefully analysed and explained in 238 

(Fisher 1925; Wilks 1938; Kendall and Alan 1961).  According to Mathiesen et al. (1994), the 239 

MLE is considered to be suitable for extreme wave analysis. 240 

Using an iterative numerical scheme, The MLE determines by iteration the distribution 241 

parameters that maximize the likelihood function.  242 𝐿(𝑥1………𝑥𝑛; ⁡𝑎1…… . . . 𝑎𝑚) ⁡= ⁡∏ 𝑓(𝑥𝑖; ⁡𝑎1…… . . . 𝑎𝑚)𝑁𝑚=1                                              (7) 243 

where xi is the observed data values, and f() is the probability density function maximized by 244 

the parameters ai (Mathiesen et al. 1994; Goda 2010). In the presented study, MATLAB 245 

R2021b MLE function was used.  246 

 247 

2.5. Goodness of fit test 248 

Statistical methods based on EVA have shown promising results in predicting these events in 249 

several scientific fields (Thomas et al., 2016; Butturi-Gomes et al. 2019). Evaluating the 250 

goodness of fit of probabilistic models is a very important task in analyzing extreme events. 251 

This step is consolidated by using goodness-of-fit tests such as Kolmogorov-Smirnov, which is 252 

widely used (Yuan et al. 2018; Martins et al. 2020; Elgohari and Yousof 2021). The K-S test 253 

was used to compare the theoretical and empirical cumulative distributions (Wilks 2011). 254 

The Kolmogorov-Smirnov goodness-of-fit test, also called the Kolmogorov-Smirnov one-255 

sample test, examines how well an observed cumulative frequency distribution conforms to an 256 

expected frequency distribution (Zar 2013). The Kolmogorov–Smirnov goodness-of-fit test is 257 

used in many applications in climate research. Kolmogorov Statistics is recommended for tests 258 

of fit for the Extreme Value and Weibull Distributions (Chandra et al. 1981). In the K-S test, 259 

the null hypothesis (H0) is defined as the data fıt a specified distribution. In contrast, the 260 

alternative hypothesis (H1) is that the data do not fit the specified distribution utilizing the one-261 

sample Kolmogorov-Smirnov test in Matlab 2021b. At a 5% significance level, the test rejects 262 

the null hypothesis. The K-S test statistic is defined as: 263 𝐷 = 𝑚𝑎𝑥1≤𝑖≤𝑁 (𝐹(𝑌𝑖) − 𝑖−1𝑁 , 𝑖𝑁 − 𝐹(𝑌𝑖))                                                                         264 

(8) 265 

where F is the theoretical cumulative distribution of the distribution being tested which must 266 

be a continuous distribution (i.e., no discrete distributions such as the binomial or Poisson), and 267 
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it must be fully specified (i.e., the location, scale, and shape parameters cannot be estimated 268 

from the data). The hypothesis regarding the distributional form is rejected if the test statistic, 269 

D, is greater than the critical value. 270 

 271 

3. Wave data 272 

3.1. Buoy measurements 273 

For a  robust extreme wave estimate and to assess the sensitivity of the estimated results to the 274 

used wave data source's accuracy, wave buoy measurements over a long period of 30 years and 275 

40 years were used for extreme wave estimate. The extreme values estimated for return periods 276 

between 2 and 100 years are compared graphically to those estimated using hindcast wave data 277 

and reanalysis wave data at the buoy's locations. The wave buoy measurements used in this 278 

study are provided by the Copernicus Marine Environment Monitoring Service (CMEMS) 279 

https://marine.copernicus.eu/ (last accessed 16.11.2020), and only offshore buoys were 280 

considered. The offshore buoys providing a non-interruptible measurements dataset with a low 281 

number of missing values were used for extreme wave analysis for this study. The buoys 282 

matching this criterion are located in the North-East and North west of the American continent 283 

(north Pacific and north Atlantic). The non-interrupted measurement durations of the used 284 

measurements are 40 years at B1 - B3 and 30 years at B4 - B6. Figure 2 shows the positions of 285 

those buoys and the locations of all 64 buoys used to validate the wave hindcast data. The total 286 

measurement duration interval from the first implementation day to the last used measurements 287 

is also presented in Figure 2. All used buoy measurements are filtered based on their quality 288 

flag; only the data corresponding to a flag quality value equal to one is considered. The quality 289 

information of the Copernicus wave buoy dataset can be found here (De Alfonso et al. 2022). 290 
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 291 

Figure 2. The positions of buoys used in EVA (Star pentagons) and the locations of all 64 292 

buoys used to validate the wave hindcast data (circles) and wave measurement periods at each 293 

buoy location are presented with a color gradient. 294 

 295 

3.2. SWAN wave hindcasts forced with JRA-55 296 

The Japan Meteorological Agency (JMA) produced JRA-55 Reanalyzes winds (Kobayashi et 297 

al. 2015), which is utilized to provide 62-year wave hindcast data. Since JRA-55 covers a longer 298 

time than other operational and available reanalyses, it was chosen as the wind-forced model. 299 

JRA-55 reanalysis data is available from 1958 to the present. SWAN Cycle III version 41.31 300 

was used to model the JRA-55-based wave hindcast data. The SWAN model has been used to 301 

accurately replicate the global wave climate (Yang et al. 2017; Kamranzad and Mori 2019; 302 

Liang et al. 2019; Kamranzad et al. 2020, 2022).  303 

The computational and output grid were given priority for such a long-term simulation with the 304 

spatial resolution of 1° in both directions since the SWAN model is run with a time step of 30 305 

min. The entire globe is covered by the computation grid, which extends from 90°S to 90°N 306 

latitude and 0°E to 360°E longitude. The directional spectral resolution is 10°, and 36 spectral 307 

frequency bins range between 0.03 to 1 Hz, with a logarithmic scale. Source terms for the wind 308 

field input and nonlinear 4-wave interaction (quadruplets) were taken from the formulations of 309 

Komen et al. (1984) and Hasselmann et al. (1985), respectively. Whitecapping source term was 310 

calculated using the Komen et al. (1984) formulation, whereas energy dissipation due to bottom 311 

friction was computed using the Hasselmann et al. (1973) formulation. The Whitecapping 312 
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coefficient (Cds2=2.96e-5) was set to adjust the wave model. It is challenging to calibrate 313 

spectral wave models for global simulations since the optimum wave model parametrization 314 

varies as a function of the geographic region and geomorphological factors (Amarouche et al., 315 

2021b; Soran et al. 2022). Finally, the General Bathymetric Chart of the Oceans (GEBCO: 316 

https://www.gebco.net/), with a spatial resolution of 30 arc seconds, provides the bathymetry 317 

input data for the SWAN model. The ice data have not been taken into account as inputs. 318 

The wave parameter output used in this study is the SWH, which is defined based on the zero 319 

moments of the energy density spectrum E(f), in which f is the frequency.   320 

m0=∫ f0E(f) df∞
0                                                                                                                        (9)       321 SWH = 4√𝑚0                                                                                                                        (10)                322 

The collected data were validated against offshore wave measurements to perform a careful and 323 

reliable assessment of specific potential errors related to wave hindcast accuracy. In-situ 324 

measurements are obtained from 64 buoys spread across the globe with recording times (Figure 325 

2). We recognized that a longer measurement time might be more suitable for validation. The 326 

largest time span provided by buoy measurements is 1978–2019. Error parameters such as the 327 

root mean square errors (RMSE), scatter index (SI), bias, normalized bias (Nbias), and 328 

correlation coefficient (R) were determined and presented in Table 1. Thus, for a spatial 329 

evaluation of the model accuracy, the correlation coefficient and the bias computed at each 330 

buoy were mapped (Figure 1.A). 331 

The wave model slightly overestimates SWH in the North Pacific and Indian Oceans, whereas 332 

it slightly underestimates it in the North Atlantic Ocean. The geographic variations in the wave 333 

model biases may be attributed to the regional wind climatic regime and/or the precision of the 334 

wind field. As the sea surface ice data was not used during the simulation, we can observe a 335 

low accuracy of the model results and the highest bias in the Greenland Sea. However, the 336 

absolute bias for SWH does not surpass 30 cm at the majority of buoy locations, and the 337 

correlation coefficient mainly exceeds 0.88. The average scatter index for SWH equals to 0.29, 338 

and the average correlation coefficient is 0.89. These outcomes demonstrate the global accuracy 339 

of used wave hindcast data. Additionally, as indicated in the previous section, the wave 340 

simulation does not adjust the ice data, which explains why the buoy in the far North Atlantic 341 

exhibits the highest biases. Therefore, the results obtained in both the north and south poles are 342 

not considered in the discussion, and the accuracy of the results is excluded from the 343 

discussions.  344 
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Table. 1. Summary of error statistics determined by comparing the SWAN-JRA-55 SWH 345 

estimates to buoy measurements at 64 locations. The bold lines show the buoys with long-346 

term and permanent measurements used for the extreme wave estimates. 347 

Locations id 
Lon (  ͦ) Lat (  ͦ) Tstart Tend 

Data 
number 

R SI Nbias 
Bias 
(m) 

RMSE 
(m) 

Matching 
Grid points 
distances 

Coastal 
distances 

Baltic Sea s1 20.233 61.8 2013 2019 18384 0.91 0.41 0.13 0.15 0.41 0.4 1.04 
Baltic Sea s2 21 59.25 1996 2019 63630 0.93 0.28 -0.09 -0.11 0.35 0.56 0.86 
Caribbean Sea s3 -84.857 19.802 2005 2019 17272 0.91 0.23 -0.1 -0.11 0.28 0.47 2.01 
Caribbean Sea s4 -81.422 16.908 2005 2019 13375 0.88 0.21 -0.01 -0.02 0.27 0.42 2.37 
Caribbean Sea s5 -67.472 15.252 2007 2019 13535 0.84 0.18 -0.05 -0.08 0.29 0.25 2.73 
China Sea s6 124.063 21.677 2012 2016 4297 0.88 0.34 -0.06 -0.1 0.67 0.47 2.35 
Chukchi Sea s7 -167.952 71.758 2012 2015 6366 0.85 0.36 0.13 0.17 0.42 0.52 3.36 
Coral Sea s8 151.071 -23.305 1996 2018 75818 0.88 0.37 0.21 0.22 0.31 0.47 0.16 
Greenland Sea s9 -24.778 65.698 2015 2019 4583 0.9 0.26 0.1 0.3 0.71 0.34 0.35 
Greenland Sea s10 -9.271 68.479 2007 2009 2107 0.91 0.45 -0.5 -1.27 1.73 0.23 2.36 
Greenland Sea s11 -11.401 59.1 1994 2019 31321 0.95 0.21 -0.12 -0.37 0.73 0.41 4.16 
Gulf of Mexico s12 (B1) -89.66 25.84 1976 2019 52602 0.86 0.37 -0.17 -0.16 0.41 0.38 3.15 

Gulf of Mexico s13 (B2) -94.42 25.17 1976 2019 53534 0.84 0.37 -0.23 -0.23 0.46 0.34 2.81 

Gulf of Mexico s14 (B3) -85.91 26.01 1977 2019 50387 0.86 0.4 -0.25 -0.21 0.43 0.64 3.53 
Indian Ocean s15 69.236 14.984 2004 2016 2668 0.86 0.32 0.03 0.06 0.65 0.55 4.36 
Indian Ocean s16 67.103 18.803 2008 2016 2620 0.94 0.33 0.04 0.07 0.53 0.5 3.77 
Indian Ocean s17 73.11 8.486 2008 2016 2791 0.9 0.3 0.1 0.15 0.42 0.39 0.17 
Indian Ocean s18 115.408 -32.094 2004 2017 36247 0.83 0.36 0.21 0.58 0.77 0.42 0.33 
Mediterranean Sea s19 7.8 43.4 2007 2019 17007 0.89 0.38 -0.02 -0.02 0.38 0.32 0.41 
Mediterranean Sea s20 4.683 42.039 2007 2019 16184 0.92 0.35 -0.23 -0.29 0.54 0.5 1.33 
Mediterranean Sea s21 -0.325 37.654 2006 2019 17589 0.88 0.46 -0.51 -0.34 0.47 0.23 0.4 
Mediterranean Sea s22 25.131 35.726 2007 2019 11027 0.88 0.34 0.03 0.03 0.32 0.43 0.34 
NE Atlantic s23 -5.8 48.5 2000 2016 8344 0.91 0.3 0.16 0.36 0.58 0.3 1.04 
NE Atlantic s24 -9.397 42.124 1998 2019 27639 0.9 0.38 -0.35 -0.62 0.9 0.39 0.51 
NE Atlantic s25 -6.963 36.477 1996 2019 30771 0.83 0.46 0.24 0.38 0.56 0.46 0.6 
NE Atlantic s26 -9.64 39.51 2009 2019 8455 0.9 0.23 0.02 0.04 0.53 0.14 0.32 
NE Atlantic s27 -15.73 53.182 2006 2019 15805 0.94 0.2 -0.06 -0.18 0.66 0.39 5.44 
NE Atlantic s28 -5 45.2 1998 2019 27677 0.94 0.22 -0.08 -0.18 0.55 0.58 1.68 
NE Atlantic s29 -12.401 48.701 1991 2019 32334 0.93 0.23 -0.12 -0.35 0.73 0.22 3.69 
NE Atlantic s30 -12.367 54.55 1993 2017 27424 0.94 0.22 -0.12 -0.35 0.75 0.14 2.18 
NE Pacific s31 -148.17 56.3 1974 2019 59064 0.82 0.31 0.06 0.17 0.83 0.39 3.51 
NE Pacific s32 -130.36 42.58 1975 2019 48931 0.81 0.31 0.08 0.25 0.82 0.16 5.83 
NE Pacific s33 -136.095 50.93 1988 2019 32241 0.92 0.24 0.07 0.21 0.67 0.59 4.11 
NE Pacific s34 -131.02 46.05 1976 2019 47981 0.83 0.32 0.09 0.26 0.86 0.66 5.16 
NE Pacific s35 -137.48 40.8 1977 2019 41357 0.85 0.31 0.08 0.24 0.86 0.3 12.88 
NE Pacific s36 -177.58 57.05 1985 2019 38330 0.93 0.25 0.1 0.28 0.66 0.46 5.14 
NE Pacific s37 (B5) -133.938 48.355 1987 2019 38374 0.91 0.25 0.06 0.19 0.71 0.46 4.62 
NE Pacific s38 -129.898 38.05 1994 2019 27113 0.89 0.25 0.06 0.16 0.67 0.6 5.99 
NE Pacific s39 -171.981 55.011 2005 2019 11640 0.93 0.3 0.17 0.5 0.76 0.69 2.65 
NE Pacific s40 -142.492 55.868 2007 2019 11967 0.93 0.24 0.04 0.12 0.63 0.37 4.17 
NE Pacific s41 (B6) -138.85 53.915 1987 2019 36107 0.92 0.24 0.07 0.22 0.65 0.54 4.34 

NE Pacific s42 -162.21 23.43 1981 2019 39631 0.83 0.23 0.06 0.15 0.55 0.3 2.51 
North Sea s43 6.333 55 1993 2012 10265 0.93 0.23 0.01 0.02 0.42 0.53 1.43 
North Sea s44 1.5 59.5 2011 2019 10559 0.92 0.23 0.05 0.14 0.54 0 2.61 
North Sea s45 -4.5 60.701 1999 2019 22162 0.93 0.22 -0.08 -0.24 0.67 0.2 1.97 
North Sea s46 4.016 54.117 2011 2019 75429 0.94 0.23 0.05 0.08 0.36 0.62 1.25 
NW Atlantic s47 -72.66 34.68 1976 2019 40139 0.81 0.36 -0.16 -0.27 0.73 0.24 2.91 
NW Atlantic s48 -75.42 32.27 1975 2019 44057 0.84 0.32 -0.11 -0.18 0.58 0.24 2.61 
NW Atlantic s49 -78.55 28.9 1988 2019 48378 0.91 0.26 -0.14 -0.19 0.41 0.4 2.02 
NW Atlantic s50 -53.024 14.516 2005 2019 17186 0.82 0.17 -0.09 -0.16 0.34 0.48 6.55 
NW Atlantic s51 -58.625 21.575 2009 2019 13898 0.87 0.19 -0.07 -0.12 0.35 0.15 5 
NW Atlantic s52 -68.417 23.832 2007 2019 15756 0.86 0.22 -0.07 -0.11 0.38 0.34 3.81 
NW Atlantic s53 -69.59 31.86 2007 2019 15578 0.94 0.23 -0.07 -0.12 0.43 0.37 4.75 
NW Atlantic s54 -62.945 27.537 2009 2019 14201 0.91 0.21 -0.06 -0.1 0.39 0.45 5.08 
NW Atlantic s55 -38 24.581 2012 2013 1566 0.84 0.2 0.03 0.08 0.42 0.51 14.71 
NW Atlantic s56 -70.56 38.47 1977 2008 34397 0.82 0.37 -0.11 -0.2 0.75 0.07 2.82 
NW Atlantic s57 -69.18 43.18 1978 2019 45521 0.82 0.37 0.04 0.07 0.56 0.45 0.79 
NW Atlantic s58 -66.62 41.11 1984 2019 38045 0.9 0.31 -0.13 -0.23 0.63 0.41 2.6 
NW Atlantic s59 (B4) -61.998 42.262 1988 2019 28265 0.91 0.29 -0.1 -0.2 0.68 0.55 2.52 

NW Atlantic s60 -57.103 44.24 1988 2019 25055 0.93 0.24 -0.04 -0.08 0.54 0.47 2.63 
NW Atlantic s61 -51.467 42.868 1990 2012 17869 0.91 0.22 0.02 0.06 0.56 0.37 4.13 
NW Pacific s62 179.001 51.155 2004 2017 8005 0.89 0.32 0.09 0.26 0.85 0.61 0.31 
SE Pacific s63 -85.567 -19.691 2007 2018 13825 0.81 0.23 0.14 0.36 0.52 0.2 10.82 
Sea of Japan s64 131.11 37.46 2011 2016 1575 0.92 0.32 -0.22 -0.28 0.49 0.39 0.19 

 348 

 349 
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 350 
 351 

352 

  353 

Figure 1. A. Correlations (Up) and biases (Down) in SWH computed at each buoy for SWAN-354 

JRA-55 hindcast. The star pentagons show the buoy locations used in extreme value analysis 355 

and other buoy locations, respectively. 356 

 357 

3.3. ERA5 wave hindcasts 358 

 The ERA5 reanalysis is a recent version updating the ERA-Interim by adding and adjusting 359 

various attributes and using the latest version of the Integrated Forecasting System (IFS Cycle 360 
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41r2) to develop ERA5 assimilation system. In comparison to ERA-Interim, ERA5 has 361 

increased the Spatio-temporal resolution for wind modeling from 6 hours to hourly and from 362 

80 km grid resolution with 60 vertical levels up to 0.1 hPa (Dee et al. 2011) to 31 km with 137 363 

levels up to 0.01 hPa in ERA5 (Hersbach et al. 2020). Improvement in the wind reanalysis data 364 

leads to improvement in the reanalysis of the ocean waves. The atmosphere causes ocean waves 365 

through surface wind stress and affects the atmospheric boundary layer through sea-state 366 

dependencies in the surface roughness. Besides that, the resolution of the ocean wave model is 367 

increased from 1ͦ in ERA-interim to 0.360ͦ for hourly data. However, it should be noted that the 368 

ERA5 is supplied for a 0.5ͦ interpolated grid. The optimal interpolation is carried out hourly in 369 

ERA5 rather than six hours as in ERA-Interim to match the hourly output of ERA5. The 370 

scatterometer and altimeter satellite observations are used to perform the wave output 371 

adjustment for the ERA5 ocean wave simulation. During the ERA5 implementation, altimeter 372 

measurements of SWH were employed, taking into account observations till the 1991 launch 373 

of ERS-1. The products from ERS-1/-2, Jason-1, and Envisat are reprocessed as well as those 374 

of ERS-1/-2, Jason-1, and Envisat. ERA5 wave data was evaluated and validated by (Hersbach 375 

et al. 2020). 376 

 377 

3.4. Satellite observations  378 

The satellite altimeter observations used during this study were provided by the Satellite 379 

Research and Exploitation Centre (CERSAT). This satellite dataset is a multi-platform altimeter 380 

product produced at IFREMER as part of the GlobWAVE project. Detailed information about 381 

the used dataset is presented in (Queffeulou and Croize-Fillonr 2017). The IFREMER altimeter 382 

dataset is developed based on the following satellites:  ERS-1, ERS-2, GEOSAT FO, 383 

TOPEX/POSEIDON, JASON-1, JASON-2, ENVISAT, Cryosat-2, SARAL/AltiKa. The SWH 384 

data obtained from those missions were all corrected against wave-buoys measurements. The 385 

equation used for the altimeter data correction can be found in (Queffeulou and Croize-Fillonr 386 

2017). Thus, the accuracy of each used satellite data was validated in several studies against 387 

buoy measurements worldwide, e.g., the CryoSat-2, was evaluated by (Abdalla et al. 2018), 388 

showing a correlation coefficient >0.98 between CryoSat-2 SWH observations and wave 389 

measurements from seven buoys located in the North Atlantic. For SARAL/AltiKa data, Hithin 390 

et al. (2015) have reported that the SWH observed from SARAL/AltiKa satellite agrees well 391 

with the in-situ measurements with a high correlation of 0.98.  The altimetry observation 392 

obtained by ENVISAT and Jason-1 was also validated compared to buoy measurements 393 
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(Durrant et al. 2009), showing a correlation coefficient of 0.98. The accuracy assessment of the 394 

SWH obtained by TOPEX/POSEIDON mission is presented in (Lee-Lueng Fu 1994; Leben 395 

and Powell 2010). Furthermore, using cross-altimeter and buoy comparisons (Queffeulou 396 

2010), we performed a long-term validation of the wave height data set provided by  ERS, 397 

TOPEX/Poseidon, GEOSAT Follow-on, Jason-1, and ENVISAT. 398 

The IFREMER satellite altimeter data cover the period from 1991 to 2017.  In the present study, 399 

we used 20 years of data from January 1st, 1995, to December 31st, 2016. The data for 2017 was 400 

not considered as they are not covering all years, and data from 1991 to 1994 are of low spatial 401 

and temporal density. The data was spatially grouped using a regular global grid of 1o x 1o. For 402 

the AM-GEV model, the yearly maximum SWHs observed at each cell were determined for the 403 

used 20-year period. For the application of the POT-GPD model. The whole data observed at 404 

each cell was considered for estimating the threshold. Thus, the observation exceeding the 405 

threshold was filtered by considering a minimum duration between two successive peaks of 406 

48h. 407 

 408 

4. Results and discussions 409 

In the present study, the resources and periods compared are of four different natures (Satellite, 410 

buoys, reanalyzes, and hindcast) and cover a longer period. Thus, an automatic objective 411 

method is used to determine the thresholds for the POT -GEV model. On the other hand, the 412 

goodness of fit of each data set and in each point of the globe are determined for GPD and GEV 413 

distributions. Also, the accuracy of the estimated distribution parameters is evaluated in terms 414 

of the upper confidence interval for a 95% confidence level. A wide confidence interval reflects 415 

a higher uncertainty in the estimates of extreme values.  416 

Currently, the studies on global extreme SWH are limited, and the most common are (Vinoth 417 

and Young 2011; Young et al. 2012; Yang and Oh 2018; Takbash and Young 2019; Lobeto et 418 

al. 2021). Those studies have been developed to estimate extreme waves on a global scale based 419 

on wave data from various sources and for different periods. The results of the mentioned 420 

studies provide different values of the estimated extreme SWHs for the same return period of 421 

100 years. On the other hand, in a few studies (Cai and Hames 2010; Orimolade et al. 2016), 422 

the target objectives were in line with those of the present study. This section consists of the 423 

comparison of the results of previous studies where appropriate. 424 

 425 
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4.1. AM-GEV model results 426 

The accuracy of the estimated extreme SWH values may depend on the estimated distribution 427 

parameters and the goodness of fit of the analysed dataset against the used distribution model. 428 

Therefore, we start firstly by assessing the accuracy of the estimated distribution parameters 429 

based on the confidence interval values of both shape and scale parameters. After that, to assess 430 

the sensitivity of the different returned-period extreme SWHs estimated to the used data sources 431 

and the used data periods at a global and spatial scale, we compared the extreme SWH results 432 

for 100 years return period. Finally, the accuracy of the extreme waves estimated based on the 433 

reanalysis ERA5 and hindcast SWAN-JRA-55 data versus those of the measurements was 434 

investigated. 435 

 436 

4.1.1. Accuracy of distribution parameters and Goodness of fit 437 

Figures 3 and 4 show an important variation in the confidence interval (CI) of the estimated 438 

shape and scale parameters. The confidence interval is reduced by increasing the analysed 439 

duration and so by increasing the sample size. However, an exception is observed in the 440 

Tropical North Pacific (TNP) off Mexico coasts using the wave hindcast data (SWAN-JRA), 441 

where the confidence interval of the estimated scale parameters has increased by increasing the 442 

analysed period. By comparing the results obtained using different data sources, we noticed that 443 

the highest CI values in both scale and shape parameters are obtained using satellite 444 

observation. Besides, using a short period of 10 years, the CIs of the distribution parameters 445 

estimated for satellite observations are spatially more homogeneous and lower than those 446 

obtained using the hindcast (SWAN-JRA-55) and the reanalysed dataset (ERA5). For a period 447 

of 20 years, CIs are close to each other for three data sources for the estimated shape parameter, 448 

but remarkable differences are observed in CIs of the estimated scale parameter. The estimates 449 

appeared more accurate using the hindcast data. Thus, the main differences are observed in the 450 

TNP, specifically in the North Philippines Sea. The highest CI values of scale parameter are 451 

observed in the Philippines Sea, followed by the extra-tropical north Atlantic (ETNA) region. 452 

Thus, in the West Tropical North Atlantic (TNA) CIs of the shape and scale parameters are 453 

more important using the ERA5 reanalysed dataset of 20 years. Using a 40-year dataset, the CI 454 

values for wave hindcasts (SWAN JRA-55) are close to those obtained using ERA5 reanalysed. 455 

Using a 60-year dataset, we noticed an improvement in CIs of both shape and scale parameters, 456 
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except in the North Philippines Sea and off Mexico coasts, as mentioned previously. The wave 457 

climate regime in these two locations may not be appropriate for a GEV distribution model.  458 

 459 

 460 

 461 

Figure 3. Map showing the upper confidence intervals of the shape parameter (ξ) estimated 462 

using the MLE method for SWAN-JRA-55 wave hindcast data (the first column), the 463 

reanalysed ERA5 wave data (the second column), and satellite observation data (third column) 464 

fitting the GEV distribution. Each row corresponds to a distinct period from 10 to 60 years. 465 

 466 
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 467 

 468 

Figure 4. Map showing the upper confidence intervals of the scale parameter (σ) estimated 469 

using the MLE method for SWAN-JRA-55 wave hindcast data (the first column), the 470 

reanalysed ERA5 wave data (the second column), and satellite observation data (third column) 471 

fitting the GEV distribution. Each row corresponds to a distinct period from 10 to 60 years. 472 

 473 

By evaluating the goodness of fit of the used dataset against the GEV distribution (Figure 5), 474 

we noticed that all used datasets present a significant fit to the GEV distribution at a risk level 475 

alpha=0.05, and in the majority of the global offshore seas.  However, a non-significant fit is 476 

observed in the near coast areas using the wave hindcast data. Thus, using the reanalysis data, 477 

a non-significant fit is also noticed in the Polar Regions for satellites and in a larger polar area. 478 

The results in this location are not discussed for the hindcast data considering that the ice 479 

information was not used during the wave hindcast simulation. It is essential to notice that the 480 

satellite dataset fits the GEV distribution in the Polar Regions more closely, with a lower CI for 481 

the shape and scale parameters. This result may be explained by the fact that satellite tracks and 482 

observations are denser in the polar regions than in the regions located far from the poles. 483 

 484 
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 485 

Figure 5. Map showing K-S test hypothesis results. In the yellow areas, the null hypothesis H0 486 

is maintained (The Annual-maxima data fit GEV distribution) at a risk level alpha=0.05, while 487 

in the purple areas, the null hypothesis H0 is rejected. The results shown fit the SWH data from 488 

SWAN-JRA-55 hindcast (the first column), the ERA5 reanalysis (the second column), and the 489 

satellite observation (the third column). Each row corresponds to a distinct sample size from 10 490 

to 60 years.  491 

 492 

4.1.2. Extreme SWH estimates 493 

To assess the sensitivity of the extreme SWHs estimated to the used data sources and to the 494 

used data periods at a global and spatial scale, we are comparing the extreme SWH results for 495 

100 years returned period. The extreme SWHs discussed here are estimated using the AM-GEV 496 

for each dataset. In the first overview (Figure  6), we notice that return waves exceeding 30 m 497 

are evaluated in some tropical regions. Furthermore, the highest CIs in shape and scale 498 

parameters are estimated for those regions (Figure 3,4). Those results are considered outlier 499 

anomalies in the present study. However, those outlier anomalies are less observable when 500 

using satellite data.  501 

 502 
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 503 

 504 

Figure 6. Extreme SWHs with a 100-year return period estimated using AM-GEV model for 505 

SWAN-JRA-55 wave hindcast data (the first column), the ERA5 wave data (the second 506 

column), and satellite observation data (the third column). The maps in each row correspond to 507 

a distinct period from 10 to 60 years. 508 

 509 

The K-S test reflects a good fit considering the theoretical wave distribution fitted based on the 510 

estimated shape and scale parameters. However, the uncertainty in the estimated shape and 511 

scale parameters using the MLE method is high in tropical cyclone regions. The goodness of 512 

fit does not always reflect the accuracy of the estimated extreme values.  Furthermore, 513 

geographically speaking, as the observed outliers are located in regions characterized by the 514 

highest density of tropical cyclones (O’Grady et al. 2022), the overestimated results may 515 

depend on the accuracy of tropical cyclone estimates provided by ERA5 and JRA-55 516 

reanalyses. In areas of low cyclone activity, the overestimation is only observed using the 517 

dataset of a short period (10 years). The results based on ten years of data also present larger 518 

confidence intervals in the estimated shape and scale parameters (Figures 3 and 4). Based on 519 

ten years of data, the results are more acceptable when using satellite observations. Comparing 520 

the results obtained from satellite, SWAN-JRA55 hindcast, and ERA5 reanalysis for the same 521 

data period of 20 years, we observed that the relative differences depending on the used data 522 

sources are computed and shown in (Figure 7 (a-c)). In the regions of tropical cyclone activities, 523 
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the absolute relative differences can reach 80% comparing SWAN-JRA55 results to satellite 524 

data results (Figure 7 (a)), and reach 100% comparing ERA5 results to satellite data results 525 

(Figure 7 (b)). The extreme SWH results obtained using ERA5 data are overestimated compared 526 

to those obtained based on satellite data in the northern and southern tropical regions and 527 

underestimated in the tropical region. Using SWAN-JRA55, the relative changes out of the 528 

regions of tropical cyclone activities are mainly <20% compared to both ERA5 and satellite 529 

results (Figure 7 (a,c)). The extreme SWH is overestimated compared to those obtained based 530 

on satellite data in the North Atlantic and southern ocean and underestimated in most of the 531 

remaining global oceans. Using SWAN-JRA55, the highest relative differences are observed in 532 

the west tropical Atlantic, with and underestimation of >60% (Figure 7 (a)).   533 

By increasing the analysed ERA5 data period to 40 years, areas with extreme SWH values 534 

estimated to exceed 30 m are adjusted using the ERA5 reanalysis data (Figure 6), unlike the 535 

result obtained from the SWAN-JRA-55 hindcast dataset, showing an increase in outlier values 536 

over the southern Indian Ocean and in the eastern and western Pacific tropics. Low accuracy in 537 

some tropical cyclones occurring over the Northeast Pacific and the North Atlantic from 1959 538 

to 1987 reported by the Japan Meteorological Agency (2020), can explain the overestimated 539 

extreme values. Thus, Murakami (2014) showed that the estimates of the tropical cyclone in 540 

JRA-55 reanalysis data are more accurate in 1979-2012 compared to the 1958-2012 period. 541 

However, Murakami (2014) also reported that regarding the spatial distribution of tropical 542 

cyclones, highest hitting rate, lowest false alarm rate, reasonable tropical cyclone structure, and 543 

representation of inter-annual change in tropical cyclone frequency, the JRA-55 appears to be 544 

the best reanalysis. The data's long-term accuracy is also important and may significantly affect 545 

the results in tropical regions. In global wave climate studies, particular focus should be devoted 546 

to the NE tropical Pacific and the Philippine Sea. The density of tropical cyclones in these 547 

specific areas can be considered the highest in the world based on the results of  Vecchi et al. 548 

(2014). The accuracy of the maximum wave value estimated in this region may be influenced 549 

by the lack of accuracy in estimating the wind forcing during tropical cyclones. Considering 550 

more peak events at the tropical cyclone location may be more accurate for extreme wave 551 

analysis. Thus, a POT model can be more appropriate at those locations. 552 

Outside of these tropical cyclone regions, relative changes are exceeding 10% in large part of 553 

the globe, comparing the extreme SWHs estimated based on ten years of SWAN-JRA55 and 554 

ERA5 data to those estimated based on 20 years ((Figure 7 (d, f)). Using the satellite data, the 555 

relative change as a function of the used data period are mainly >20% (Figure 7 (g)). By 556 
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increasing the analysed data period of ERA5 and SWAN-JRA55 to 40years, the relative 557 

changes rarely exceed 10%, except in tropical cyclone regions (Figure 7 (g, h)). The results 558 

remain close by increasing the analysed period to 60 years in the case of the SWAN-JRA-55 559 

data (Figure 7 (i)). Using the AM-GEV model, the increase in the analysis period beyond 20 560 

years did not lead to a notable change in the estimated extreme SWH values over a large part 561 

of the globe. However, depending on the data source, the increase in the period may correct the 562 

errors in cyclonic regions and decrease the confidence intervals.  563 

 564 

Figure 7.   Maps showing the relative biases calculated by comparing the extreme significant 565 

wave height of the 100-year return period estimated using the AM-GEV on the basis of 566 

different analysed data periods and different data sources. The maps a-f show the biases when 567 

comparing the results obtained from different data periods within the same data source, and 568 

the maps h-j show the biases between the results obtained from three data sources for the 569 

same period of 20 years (20y). 570 

 571 
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The AM-GEV approach does not depend on an estimated threshold or time limit between two 572 

peaks, which allows a more precise comparison of the obtained results. However, to the limit 573 

of our knowledge, no recent global studies on extreme waves have been performed based on 574 

the AM-GEV approaches until now. However the results obtained based on satellite observation 575 

are in line with those of (Aarnes et al.) in the North Atlantic Ocean using the AM-GEV 576 

approaches. The estimated extreme SWH in the North Atlantic Ocean reached 20 m for a return 577 

period of 100 years. Thus, on a global scale, the results are also in line with those obtained using 578 

satellite observations (on a 1◦ × 1◦ grid) and POT-GPD approach by (Vinoth and Young 2011)  579 

and close to those of (Takbash and Young 2019) and (Takbash et al. 2019).  580 

 581 

4.1.3. Accuracy of the estimated extreme SWHs 582 

Extreme SWHs are estimated at six buoy locations, where we can compare the results obtained 583 

using buoy measurements and those obtained using reanalysed ERA5 dataset and the SWAN-584 

JRA-55 hindcast dataset at the nearest grid location to the buoys (Figure 8). The considered 585 

buoys are located offshore and provide real-time measurements without interruptions for an 586 

extended period. The extreme SWHs for different return periods are estimated, and the 587 

confidence interval at each estimated value was computed for the risk of alpha of 5%. This 588 

comparison aims to evaluate the sensitivity of the estimated extreme SWHs to the unused data 589 

sources at different return periods. The comparison against the satellite data is subjective, noting 590 

that satellite observation data at the exact location depends on the satellite duration cycle and 591 

the number of satellites tracked at the same locations. The satellite observation misses several 592 

peaks of the storm events, which conduce an underestimation of the extreme SWH compared 593 

to the buoy measurements. We consider that the most accurate results are those obtained based 594 

on buoy measurements. Using the buoy measurements, the goodness of fit on each dataset may 595 

provide an idea about the accuracy of the estimated extreme waves. The K-S test was applied 596 

to each dataset (Table 2). The results show that all datasets are significantly fitting the GEV 597 

distribution. The results obtained using both reanalysed ERA5 and wave hindcast of SWAN-598 

JRA-55 are different from those obtained based on buoy measurements. The confidence interval 599 

in the Gulf of Mexico is larger considering ERA5 and SWAN-JRA-55 datasets. We can notice 600 

that the extreme SWHs estimated based on ERA5 and SWAN-JRA-55 datasets are 601 

underestimated for the returned period < 10 years but overestimated for a returned period > 10 602 

years compared to the buoy measurement results. 603 

 604 
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Table 2. P-values obtained as results of the K-S test for buoy measurements and their 605 

corresponding ERA5 and SWAN-JRA-55 datasets. The null hypotheses are rejected if the p-606 

value<0.05 607 

Data sources  
Buoys ERA5 SWAN-JRA-55 

Locations 

B1 0.82 0.24 0.13 

B2 0.49 0.78 0.54 

B3 0.80 0.71 0.73 

B4 0.27 0.32 0.95 

B5 0.81 0.95 0.69 

B6 0.86 0.19 0.47 

  608 

The extreme SWH estimated for 100 year return period at B1 - B3 are close to those obtained 609 

by Jeong and Panchang (2008) using the same approaches at the same buoys. Those three buoys 610 

are identified as 42001, 42002, and 42003 successively in Jeong and Panchang (2008). At B4 - 611 

B7, the results obtained using ERA5 and SWAN-JRA-55 are underestimated compared to the 612 

buoy measurement results for all evaluated return periods. Even considering the confidence 613 

interval band, the results remained far from the measurements-based results, except for the 614 

return period >20 years at B5 and the return period < 10 years at B6. The underestimation of 615 

the extreme event peaks of both ERA5 and SWAN-JRA-55 hindcasts can explain these results. 616 

The SWAN-JRA-55 hindcast biases computed by considering the whole data are positive in the 617 

NE Pacific. However, the calibration and validation of wave models are based on the whole 618 

data and not on extreme data. Amarouche et al. (2021a) showed that a calibrated SWAN model 619 

forced by ERA5 wind underestimates the storm peaks and that the model parameters may be 620 

optimized to obtain a more accurate estimation of peak events at a regional scale.  621 

Taking into account that the AM-GEV method results do not depend on the threshold selection, 622 

the results show the high sensitivity of the estimated extreme SWH to the accuracy of the used 623 

data sources. The hindcast and reanalysed data are validated based on buoy measurements and 624 

show an acceptable accuracy considering the whole data. However, their accuracy in estimating 625 

the annual maxima in SWH is not commonly evaluated. The overestimation of extreme SWH 626 

may economically affect offshore and marine activity. Thus, their underestimation may also 627 

lead to a non-durable infrastructure designed in the coastal and offshore regions and engender 628 

as well economic effects and considerable risks.  629 

Using the AM-GEV, the estimated return period using ERA5 reanalysed and SWAN-JRA-55 630 

hindcast may provide biased results with larger confidence intervals. These results show the 631 

importance of increasing the buoys measurement worldwide and the improvements in the 632 
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accuracy of the existing models in estimating the SWH peaks during storm and tropical cyclone 633 

events. Using a calibrated wind wave model at a higher spatial resolution on a local scale may 634 

provide better estimates of the extreme wave return periods. However, the global model 635 

hindcast and reanalysis data are not recommended for extreme wave analysis based on AM-636 

GEV for coastal and offshore engineering projects. The use of satellite data can provide a more 637 

accurate alternative; however, satellite data are limited in time and space. Some yearly storm 638 

peaks can be missed in satellite observations depending on the time matching of the satellite 639 

track. Therefore, using AM-GEV model, the results obtained for satellite data could be 640 

underestimated, as shown in the spatial results (Figure 6) and as shown by Alves and Young 641 

(2003).   642 

 643 

 644 

Figure 8. Extreme SWHs at different return periods estimated using an AM-GEV model at six 645 

buoy locations based on wave measurements, SWAN-JRA-55 wave hindcast, and ERA5 wave 646 

reanalyze. The shaded color shows the confidence intervals for the risk of α=0.05. 647 

 648 

4.2. POT-GPD model results 649 

 650 

4.2.1. Distribution Parameter Accuracy and Goodness of Fit 651 

Referring to the computed confidence intervals (CIs) values of both shape and scale parameters, 652 

the accuracy of the estimated distribution parameters was discussed. CIs are computed for a 653 
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confidence level of 95%. Figures 9 and 10 show the spatial variation in the CI of the estimated 654 

shape and scale parameters as a function of the data sources and the considered period. By 655 

increasing the analysed duration, it is observed that the CIs are reducing at a global scale. Using 656 

ERA5 data and satellite observations, the shape parameters in the tropical zones are estimated 657 

with the highest CIs values. However, by increasing the used duration, the CIs are reduced. 658 

Using the SWAN-JRA-55 hindcast data, the CIs of the estimated shape parameter is lower on 659 

a global scale. The CIs for GPD parameters are more homogeneous and varying as a function 660 

of altitude, contrary to the results obtained for the GEV estimated parameters. Concerning the 661 

scale parameter, a more considerable difference in the results was obtained using different 662 

sample sizes. The CI for the estimated scale parameters is more prominent using ten years of 663 

data in the North Atlantic, North Pacific, and Southern Ocean locations. The lowest CIs for the 664 

estimated scale parameter can be observed for the SWAN-JRA-55 and ERA5 datasets of 60 665 

and 40 years successively, except in the Southern Indian Ocean, where the CIs slightly increase 666 

by increasing 40- and 60-year SWAN-JRA-55 data. The CIs in the Southern Ocean are lower 667 

using 20 years of the SWAN-JRA-55 dataset. The highest CI values in both scale and shape 668 

parameters are obtained using the 10-year ERA5 dataset. For both GEV and GPD distributions, 669 

satellite observations of a short period (10 years and 20 years) may provide lower uncertainty 670 

in the estimated distribution parameters compared to the ERA5 reanalysis and SWAN-JRA-55 671 

dataset for the same period. 672 

The goodness of fit test (K-S test) is performed on different datasets fitted against the GPD 673 

distribution, and the obtained hypotheses are mapped (Figure 11). The results show that for 10- 674 

and 20-year periods, datasets exceeding the selected threshold have a significant fit to GPD in 675 

most of the globe. However, by increasing the analysed period to 60 years using the SWAN-676 

JRA-55 dataset, a larger area in the Indian Ocean and the tropical Pacific show no significant 677 

fit to GPD. The increase in the areas of no significant fit by increasing the analysed period is 678 

also observed with both ERA5 and satellite datasets. However, the area of non-significant fit is 679 

extremely small using those two data sources. The K-S test applied to the ERA5 dataset 680 

exceeding the selected thresholds shows a significant fit to GPD in most of the globe for all 681 

analysed periods of 10, 20, and 40 years. Only some small areas in the polar regions in the 682 

South Indian Ocean show a non-significant fit using the 40-year ERA5 dataset. Using the 683 

satellite observations of 10 and 20 years, the area of non-significant fit is larger in Polar Regions 684 

and also increases by increasing the analysed period. Thus, several grid points worldwide show 685 

no significant fit using satellite observations. Those exceptional locations of no significant fit 686 

may result from satellite track density at distinct areas. The results in the Polar Regions using 687 
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the SWAN-JRA-55 hindcast are not considered and discussed, considering that the ice 688 

information was not considered during the wave hindcast simulation. Thus, the estimated 689 

extreme waves resulting in areas of no significant fit to the GPD model should be carefully 690 

considered.   691 

  692 

Figure 9. Map showing the upper confidence intervals of the shape parameter (ξ) estimated 693 

using the MLE method for SWAN-JRA-55 wave hindcast data (the first column), the 694 

reanalysed ERA5 wave data (the second column), and satellite observation data (third column) 695 

fitting a GPD. Each row corresponds to a distinct period. 696 

 697 
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 698 

 699 

Figure 10. Map showing the upper confidence intervals of the scale parameter (σ) estimated 700 

using the MLE method for SWAN-JRA-55 wave hindcast data (the first column), the 701 

reanalysed ERA5 wave data (the second column), and satellite observation data (third column) 702 

fitting the GPD. Each row corresponds to a distinct period. 703 
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 704 

 705 

Figure 11. Map showing K-S test hypothesis results. In the yellow areas, the null hypothesis 706 

H0 is maintained (The POT data fit GPD) at a risk level alpha=0.05, while in the purple areas, 707 

the null hypothesis H0 is rejected. The results shown fit the SWH hindcast from SWAN-JRA-708 

55 (the first column), the SWH data from ERA5 (the second column), and the satellite 709 

observation (the third column). Each row corresponds to a distinct sample size. 710 

 711 

4.2.2. Extreme SWH estimates 712 

The extreme SWHs discussed in this section are estimated using the POT-GPD model. Using 713 

the spatial datasets with different periods, the extreme SWHs with a 100-year return period are 714 

estimated (Figure 12) and compared (Figure 13). Over most of the globe, the extreme SWH 715 

results estimated from the ERA5 and SWAN-JRA-55 data showed a relative difference of 716 

<20% in large part of the world (Figure 13 (c)). The ERA5 results are higher compared to 717 

SWAN-JRA55 results in the north and south tropical regions and lower in the tropical areas.  718 

In the Polar Regions SWAN-JRA-55 extreme wave are overestimated compared to both 719 

satellite and ERA5 results. This over-estimation was expected as SWAN-JRA-55 simulations 720 

have been carried out without sea ice data. Comparing the results obtained based on satellite 721 

observations to those obtained based on ERA5 and SWAN-JRA55 (Figure 13 (a,b)), remarkable 722 

differences reaching 30% in a large part of the globe is noticed. The extreme values estimated 723 
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based on satellite data are lower in the North Atlantic, the North Pacific, the South Ocean, and 724 

in the polar regions. However, in the tropical region, the extreme values estimated based on 725 

satellite data are higher by 10% to 40%. The differences related to the data source used for the 726 

tropical zone are higher in the Arabian Sea.  727 

The sensitivity of the estimated extreme values to the analysed period show also a dependence 728 

on the used data sources (Figure 13 (d-i)). The observed relative changes are more important 729 

using satellite observation and SWAN-JRA55. In large part of the world oceans, an increase of 730 

10 to 20% in the estimated extreme SWH is observed by incising the analysed satellite data 731 

period from 10 years to 20 years (Figure 13 (f)). In the polar region, the relative differences are 732 

more important and can reach 40% with an increasing change in the Arctic and a decreasing 733 

change near the Antarctic.   734 

Using SWAN-JRA55 datasets, the changes as a function of the considered period are more 735 

remarkable when shifting from 20 to 40 years (Figure 13 (g)) and less noticeable between 40 736 

and 60 years (Figure 13 (i)). Using the POT-GPD model, a 40-year period may be considered 737 

sufficient for estimating the extreme SWH for a 100years return period in a large part of the 738 

world. However, the rate of change observed using 60 years (Figure 13 (i)) remains 739 

considérable in the Arabian sea, the north pacific, and the western Atlantic. 740 

The lowest relative change as a function of the data period is computed by comparing the ERA5 741 

results of 40, 20, and 10years periods (Figure 13 (e, h)). The relative changes are <10% in large 742 

parts of oceans and can reach 20% in several regions (Figure 13 (e, h)). In the north pole and 743 

the in the north Indian ocean, the estimated extreme SWH is decreasing by an increase in the 744 

analysed period of ERA5 data. 745 

Compared to AM-GEV results, the POT-GPD results do not contain any outliers in the areas 746 

with high tropical cyclone activities. The extreme SWHs obtained using POT-GPD based on 747 

satellite observations are in line with those obtained by Takbash and Young (2019) and Takbash 748 

et al. (2019) in most of the globe. However, in the tropical west  Pacific (Philippine sea), the 749 

results obtained by Takbash et al. (2019) are higher and reach 20 m, against 14 m in the present 750 

study. In this tropical cyclone zone, the results of the present study are more in line with those 751 

of Vinoth and Young (2011) obtained using the initial distribution method (IDM) approach. 752 

Takbash and Young (2019) used a threshold fixed at the 90th percentile, opposite to the selected 753 

threshold used in this study which depends on the wave data distribution at each location. 754 

Takbash and Young (2020) estimated the 100-year extreme SWH based on ERA5 data of 41 755 
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years using POT-GPD for a fixed threshold at the 70th percentile. The present satellite-based 756 

results are more similar to those obtained by Meucci et al. (2020), who used the POT approach 757 

with exponential distribution fit considering the threshold corresponding to the minimum 758 

highest 1000 peaks at each location. 759 

 760 

  761 
Figure 12. Extreme SWHs with 100-year return period estimated using POT-GPD model for 762 

SWAN-JRA-55 wave hindcast data (the first column), the ERA5 wave data (the second 763 

column), and satellite observation data (the third column). The maps in each row correspond to 764 

a distinct period. 765 

 766 

Comparing the results obtained using a 40-year dataset of ERA5 (Figure 11) to those obtained 767 

by (Takbash and Young 2020), we noticed a suitable agreement in large part of the globe. 768 

However, the results show a significant difference in the semi-closed seas, such as the West 769 

Mediterranean Sea, the Black Sea, the Caspian Sea, the Arabian Sea, and the Gulf of Mexico. 770 

The results obtained at those locations may depend more on the selected threshold. According 771 

to (Takbash and Young 2019), the resulting extreme SWHs can vary by up to 30% depending 772 

on the threshold chosen. In another part, considerable differences in the estimated extreme 773 

SWHs at the Philippine Sea can be noticed. (Takbash and Young 2020) results show that the 774 
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extreme SWH in this location exceeds can 20 m. The differences in the obtained results at this 775 

location may also be related to the selected threshold. 776 

 777 

Figure 13.   Maps showing the relative biases calculated by comparing the extreme significant 778 

wave height of the 100-year return period estimated using the POT-GPD based on different 779 

analysed data periods and data sources. The maps a-f show the biases when comparing the 780 

results obtained from various data periods within the same data source, and the maps h-j show 781 

the biases between the results obtained from three data sources for the same period of 20 years 782 

(20y). 783 

 784 

4.2.3. Accuracy of the estimated extreme SWHs 785 

Using the POT-GPD model, the extreme SWHs were estimated at six buoy locations for 786 

different return periods. The buoy-based results are compared to the ERA5-based and SWAN-787 

JRA-55-based results (Figure 14). The ERA5 and SWAN-JRA-55 datasets match the buoy 788 

measurements in time and space. The threshold is estimated using the same approach presented 789 

in section 2.3, and the goodness of fit of each dataset exceeding the thresholds is tested based 790 
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on the K-S test. The selected threshold at all buoy locations and the K-S test results are shown 791 

in Table 3. Referring to the goodness of fit test (K-S test) results, we can notice that, even if the 792 

ERA5 and SWAN-JRA-55 data show a better fit of the GPD model with higher p-values, the 793 

estimated extreme SWHs are underestimated compared to all buoy measurements. Dentale et 794 

al. (2018) compare the extreme SWHs estimated using buoy measurements in the Gulf of 795 

Mexico (at B1, referring to the buoy 42002) and the ECMWF global wave model data. As a 796 

result, they show a considerable underestimation in extreme SWHs estimated based on the 797 

ECMWF. The results obtained using buoy measurement (B2) in Dentale et al. (2018) are similar 798 

to those obtained in the present study. Thus, the results obtained at B1 and B2 for a return period 799 

of 100 years are in line with those obtained at the same buoy locations by (Vinoth and Young 800 

2011) and by (Alves and Young 2003).  801 

 802 

 803 

Figure 14. Extreme SWHs at different return periods estimated using on POT-GPD model at 804 

six buoy locations based on wave measurements, SWAN-JRA-55 wave hindcast, and ERA5 805 

wave reanalyze. The shaded colour shows the confidence intervals for the risk of α=0.05. 806 

 807 

Compared the POT-GPD results obtained based on buoy measurements to the AM-GEV results, 808 

we noticed that the extreme SWHs for a return period of 100 years are very close at all buoys 809 

except for B6, where the estimated values are higher using the AM-GEV model. As shown in 810 

the spatial results (Figures 8 and 14), the differences in the estimated extreme SWHs using AM-811 

GEV and POT-GPD depend on the spatial location and the analysed data pe3. The selected 812 
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thresholds and p-values obtained as results of K-S test for buoy measurements exceeding 813 

thresholds and their corresponding ERA5 and SWAN-JRA-55 datasets. The null hypotheses 814 

are rejected if the p-value<0.05. 815 

 SWH threshold (m) K-S test p-value  

Locations Buoys ERA5 SWAN-JRA-55 Buoys ERA5 SWAN-JRA-55 

B1 3.40 3.15 2.63 0.343 0.516 0.688 

B2 3.70 2.96 2.72 0.050 0.257 0.198 

B3 2.96 2.69 2.17 0.339 0.743 0.709 

B4 6.16 5.50 4.71 0.925 0.238 0.514 

B5 6.93 6.48 5.90 0.997 0.886 0.596 

B6 6.64 6.01 5.52 0.977 0.986 0.985 

 816 

 817 

Using ERA5 and SWAN-JRA-55 datasets and the POT-GPD model, the estimated results are 818 

closer to buoy-based results compared to those obtained using AM-GEV model. Considering a 819 

larger sample of storm events using the POT approach can be more recommended to reduce the 820 

uncertainty related to the estimated maximum annual peaks. However, considering the 821 

limitation in buoy measurements worldwide and that the underestimations observed using 822 

ERA5 and SWAN-JRA-55 datasets may exceed 2 m, it is crucial to increase the buoy 823 

measurements around the world to avoid the risk related to an overestimation in an extreme 824 

SWH causing damage and economic losses in different coastal and offshore activities. As 825 

shown on the maps, extending the analysed period can increase or decrease the estimated 826 

extreme SWHs in large parts of the globe. It is therefore recommended to consider the 827 

reanalysis data period carefully as a function of the study area where no measurements are 828 

available. Thus, as ERA5-based results are closer to the measurements-based results, we 829 

strongly recommend using long-term ERA5 and the POT-GPD approach. 830 

 831 

5. Conclusions  832 

The study presents a global estimation of the extreme wave highs and investigates the sensitivity 833 

of the extreme wave estimates to the used data sources and the length of the analysed period. 834 

For this proposal, the extreme waves are estimated globally based on the wave hindcast data 835 

(SWAN-JRA-55) for 10, 20, 40, and 60 yearly periods, the reanalysed wave data (ERA5) of 836 

10, 20, and 40 yearly periods, and the satellite altimetry observations of 10 and 20 yearly 837 

periods. Thus the extreme waves are estimated based on long-term measurements data of >30 838 
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years period obtained at six different locations and compared to the results obtained using 839 

reanalysed and hindcast data at the nearest grid points. The extreme value analysis was 840 

performed using two of the most used methods; the AM-GEV and the POT-GPD. The results 841 

were obtained both globally and at the buoy locations and allowed us to reach the following 842 

main conclusion: 843 

- In most global regions, the AM and POT data of different periods and different sources 844 

show a significantly good fit to GEV and GPD distributions successively. However, the 845 

confidence interval of the estimated shape and scale parameters is high using 10 years of 846 

data and decreases by increasing the analysed data periods. Hence, the goodness of feet test 847 

may not be enough to evaluate the accuracy of the extreme wave model.  848 

- The extreme wave estimates can change by >20% over most of the global ocean depending 849 

on the used wave sources, and therefore the choice of suitable sources must be carefully 850 

considered.  851 

- The estimated extreme wave values increase as a function of the analysed data period from 852 

10 years to 40 years. However, by increasing the period to 60 years, the results remain close 853 

to those observed using a 40 years period.  854 

- Using the AM-GEV model, the results derived from both SWAN-JRA-55 and ERA5 waves, 855 

outliers in extreme wave values that reach 30 m, are estimated in tropical cyclone regions. 856 

The AM-GEV model is not recommended for tropical cyclone regions. Out of the tropical 857 

cyclone regions, relative differences are mainly <20% comparing the extreme SWH 858 

estimated based on SWAN-JRA-55 and ERA5 data to those estimated based on satellite 859 

observations.  860 

- Using the POT-GPD model,  the extreme wave values calculated using satellite observations 861 

are significantly lower than those computed using SWAN-JRA-55 and ERA5 datasets, 862 

except for the polar and equatorial regions. Satellites can avoid a range of peaks above the 863 

threshold with a revisit period of several days. 864 

- Comparing the results obtained based on SWAN-JRA-55 and ERA5 datasets to those 865 

obtained using buoy measurements, we noticed an underestimation in the estimated extreme 866 

waves high, which reach 2 m in the North-East Pacific and in the North-West Atlantic, and 867 

an overestimation in the Gulf of Mexico, which is marked by considerable tropical cyclone 868 

activity. However, due to the lack of long-term buoy measurements in the global ocean, the 869 

use of hindcast data is indispensable. It is therefore recommended to improve global wind 870 

wave model accuracy in estimating the wave storm events peaks and tropical cyclone 871 

events. 872 
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- Although the SWAN-JRA5 and ERA5 historical waves are validated and show low biases 873 

and good correlation with wave measurements, their relative accuracy in estimating storm 874 

waves may not be sufficient for extreme wave analysis. Calibration or correction of 875 

historical data should be done in terms of storm waves and tropical cyclones. 876 
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