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Abstract 

Storm surges are critical events for densely populated coastal areas and offshore islands, with 

the occurrence of coastal flooding expected to increase due to sea-level rise and intensified 

storm activity under climate change. This study evaluates projected changes in both seasonal 

mean and extreme storm surges across the Indo-Pacific region using high-resolution Coupled 

Model Intercomparison Project Phase 6 (CMIP6) climate models under the SSP5-8.5 high-
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emission scenario. This study assesses the seasonal storm surge simulation skill of five 

CMIP6 models, benchmarked against ERA5 reanalysis data for the period 1979–2010. The 

model performance is quantified with the comprehensive rating index (CRI) confirming that 

the Multi-Model Ensemble (MME) for the climate projections has the best overall 

performance. The Generalized Extreme Value (GEV) distribution, applied using the block 

maxima method, is used to estimate 100-year return values (RV100) for both the historical 

(1971–2000) and near-term (2021–2050) periods during the JJA (June–August) and SON 

(September–November) seasons. The RV100 analysis reveals heightened surge potential in 

the North Pacific, South China Sea, and the southern coasts of Australia and New Zealand, 

with a notable shift in surge intensity from the South China Sea to the North Pacific, 

particularly intensifying during SON. Projections indicate strong seasonal surge intensities, 

with the Yellow Sea, Gulf of Carpentaria, and the southern coasts of Australia and New 

Zealand regions showing pronounced increases in JJA, while positive changes in SON are 

evident in the North Pacific, North Indian Ocean (NIO), the Indonesian coast, and Gulf of 

Thailand, suggesting the potential for increased impact from extreme surges in these areas. 

Keywords: CMIP6. Storm surge. Generalized Extreme Value. Indo-Pacific Ocean. Model 

evaluation. Multiple skill metrics 

 

1 Introduction 

Storm surges, commonly triggered by intense coastal storms and disturbances, pose a severe 

coastal flood hazard to coastal communities worldwide, impacting public safety, 

infrastructure, and ocean-based activities. Low atmospheric pressure and strong winds are 

common causes of storm surges (Muis et al., 2016), which are linked to both tropical and 

extratropical cyclones.  The development of storm surges is driven by wind-induced water 

displacement near shorelines and variations in water levels triggered by atmospheric pressure 
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changes (Losada et al., 2013; Lowe et al., 2010). The Deltares Global Tide and Surge Model 

(GTSM) version 3.0, a state-of-the-art hydrodynamic model, dynamically simulates water 

levels and storm surges by utilizing forcing data from sources such as the ERA5 global 

reanalysis and high-resolution Global Climate Models (GCMs)’s new generation of the 

CMIP6 High Resolution Model Intercomparison Project (HighResMIP) multi-model 

ensemble. GCMs from CMIP6, developed by various modeling groups (Eyring et al., 2016; 

Meehl et al., 2007; Taylor et al., 2012), have proven valuable for assessing global and 

regional future changes in extreme climate phenomena (Casas-Prat et al., 2018; Erikson et 

al., 2015; Fan et al., 2013, 2014; Kaur et al., 2021; Kim et al., 2020a; Mori et al., 2010; 

Wang et al., 2014). However, substantial uncertainties remain in model projections due to 

differences in physical parameterizations, emission scenarios, internal climate variability, 

and limitations in spatial resolution, which can impact the accuracy of extreme event 

simulations and regional climate projections (IPCC et al., 2012; Morim et al., 2019; Wang et 

al., 2015). Consequently, evaluating the model's capability to simulate observed extremes 

accurately is crucial before projecting future changes in extreme storm surge conditions.  

Numerous global scale studies have assessed the potential dynamics of future extreme storm 

surge levels (SSL) in the context of climate change (Colberg et al., 2019; Mori et al., 2019; 

Muis et al., 2020; Vousdoukas et al., 2016, 2018)) and, regional projections of SSL have 

been developed for areas such as the Mediterranean (Marcos et al., 2011; Jordà et al., 2012; 

Conte & Lionello, 2013), North Sea (Woth et al., 2006; Debernard & Røed, 2008; Howard et 

al., 2010; Gaslikova et al., 2013), Atlantic coast of Europe (Lowe et al., 2001, 2009, 2010; 

Marcos et al., 2012), and Baltic Sea (Meier et al., 2004; Meier, 2006; Gräwe & Burchard, 

2012). In addition, studies have examined potential changes in storm surge frequency due to 

climate change, primarily focusing on regional to national scales (Garner et al., 2017; 
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Colberg et al., 2019; Howard et al., 2019; Lin et al., 2019; Little et al., 2015; Marsooli et al., 

2019a; De Dominicis et al., 2020c). 

However, global to continental-scale storm surge projections to date, predominantly rely on 

GCMs from the Coupled Model Intercomparison Project Phase 5 (CMIP5) experiments 

(Colberg et al., 2019; Lin et al., 2019; Muis et al., 2020; Vousdoukas et al., 2018). With the 

HighResMIP within the CMIP6 framework, newer climate projections now utilize GCMs 

with increased spatial resolution (~25–50 km) (Haarsma et al., 2016). Recent studies have 

demonstrated that higher horizontal resolution in HighResMIP models not only improves the 

representation of tropical cyclone frequencies, intensities, and tracks (Roberts et al., 2020) 

but also enhances the structural and intensity representation of extra-tropical cyclones 

(Priestley & Catto, 2022b). These improvements suggest that HighResMIP experiments offer 

a promising avenue to refine global storm surge projections and deepen our understanding of 

their response to climate change. Despite such advances, limited research has focused on 

rigorous model evaluation in simulating extreme storm surges, particularly at global to 

continental scales, outside of a few regional studies. There is a pressing need for a 

comprehensive analysis that ranks model performance using various skill metrics, especially 

to assess and project the extreme storm surges over the Indo-Pacific region. This analysis is 

essential for enhancing projection accuracy and informing future climate resilience planning. 

The proposed study aims to investigate projected changes in seasonal mean and extreme 

storm surges, specifically the 100-year return value (RV100), over the Indo-Pacific Ocean 

under the high-emission scenario SSP5-8.5. Using data from five CMIP6 models and a 

multi-model ensemble (MME), projected changes are analyzed for the near-term (2021–

2050) relative to a 30-year historical baseline (1971–2000) for the JJA and SON seasons. To 

address uncertainties in model projections, first, performance of the individual models and 

the MME are evaluated against ERA5 reanalysis data over a 32-year period (1979–2010), 
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applying multiple skill metrics—bias, root mean square error (RMSE), Taylor skill score 

(TSS), M-Score, interannual variability skill-score (IVS), and comprehensive rating index 

(CRI)—to quantify model capability in representing storm surges across the Indo-Pacific 

region. Since ERA5 reanalysis data is available from 1940, but storm surge data is only 

available from 1979, the period 1979–2010 is chosen for model evaluation, while the 1970–

2000 period is selected for projections to maintain consistency in assessing long-term 

climate changes relative to the near-term period 2021- 2050. Additionally, extreme storm 

surge behavior (RV100) is assessed through GEV distribution analysis. In addition, the 

projected changes of extreme storm surge over the Indo-Pacific region are also estimated. 

Together, the comprehensive analyses aim to enhance understanding of the dynamics 

governing storm surge patterns under future climate conditions. The findings provide a 

valuable estimation of storm surge extremes, contributing to hazard assessment and 

informing adaptive coastal management at a large regional scale. The structure of this paper 

is as follows: Section 2 details the data and methods used in this study. Section 3 contains 

validation and performance evaluation metrics. The results and discussion are presented in 

Section 4, followed by a summary and conclusion in Section 5. 

2 Data and methodology  

2.1 Storm surge data  

This study investigates projected changes in mean and extreme storm surges over the Indo-

Pacific Ocean (IPO) by utilizing historical data (1971–2000) and near-term projections 

(2021–2050) under the high-emission SSP5-8.5 scenario. The analysis is based on five 

CMIP6 models from the HighResMIP, which provide higher-resolution data and improved 

physics for better storm surge simulations than previous generations of climate models. 

Recent advancements in global datasets on sea level rise and projected surge changes due to 

climate change (Vousdoukas et al., 2018; Kirezci et al., 2020; Muis et al., 2022) provide 
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valuable tools for policymakers to assess future coastal flood hazards with greater precision. 

Modelled storm surges in this study are derived from high-resolution CMIP6 simulations, 

enabling refined assessment of surge dynamics influenced by atmospheric drivers such as 

wind patterns, pressure systems, and tropical cyclones (Xie et al., 2011; Kim & Omira, 

2024). Extreme value analysis using the GEV distribution provides estimates of return levels, 

enhancing the understanding of long-term surge behavior (Rueda et al., 2016; Makris et al., 

2023). The contribution of atmospheric parameters to storm surge variability has been 

extensively studied through sensitivity experiments and data assimilation techniques (Li et 

al., 2013; Taylor et al., 2019; Warder et al., 2021). Advances in neural network–based bias 

correction (Tedesco et al., 2024) and pan-regional forecasting frameworks (Fernández-

Montblanc et al., 2019) have also contributed to improving surge prediction reliability. These 

methodologies, supported by recent studies (Androulidakis et al., 2023; Dullaart et al., 2020; 

Calafat et al., 2022), help inform surge projections and support future risk assessments. 

The storm surge data were computed using the Deltares GTSM version 3.0, a hydrodynamic 

model that dynamically simulates surge levels at 10-minute intervals. Since the GTSMip 

dataset by Muis et al. (2022), covering 1950–2050, is based on the HighResMIP models 

from the CMIP6, it was selected as the most suitable projection dataset (Jennath et al., 2024). 

For the historical period (1950–2014), HighResMIP simulations used forcing fields 

consistent with CMIP6 (Eyring et al., 2016) but at higher resolution. For the near-term 

period (2015–2050), the simulations adopted the SSP5-8.5 greenhouse gas concentration 

scenario (O’Neill et al., 2016). The study utilizes a combination of coupled atmosphere-

ocean and atmosphere-only simulations. Specifically, it includes three coupled simulations 

(HadGEM3-GC31-HM, Earth3P-HR, and CMCC-CM2-VHR4 and two atmosphere-only 

simulations (HadGEM3-GC31-HM-SST and GFDL-CM4C192-SST). The atmosphere-only 

simulations are driven by observed estimates of sea surface temperature (SST) and sea ice 
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concentration during the historical period, and by a combination of observed historical 

variability and modelled future trends during the future period (Haarsma et al., 2016), using 

the same radiative forcing as the coupled models. 

This study utilizes two categories of storm surge datasets: (1) GTSMip model outputs for the 

historical period (1971–2000) and the near-term period (2021–2050), and (2) ERA5 

reanalysis data covering the period from 1979 to 2010. Both the model simulations and the 

reanalysis storm surge data were obtained from the European Centre for Medium-Range 

Weather Forecasts (ECMWF) through the Copernicus Climate Data Store 

(https://cds.climate.copernicus.eu/datasets/sis-water-level-change-timeseries-

cmip6?tab=download). Seasonal means and maxima of storm surge values were derived for 

the DJF, MAM, JJA, and SON seasons. The GTSMip model outputs were used to evaluate 

and project both mean and extreme storm surge characteristics across the IPO region. To 

assess model performance, reanalysis storm surge data (1979-2010), available at comparable 

temporal and spatial resolutions, has also been downloaded. The ECMWF latest reanalysis, 

known as ERA5 (Hersbach and Dee, 2016), offers significant advancements over its 

predecessor, ERA-Interim (Dee et al., 2011). For example, ERA5 features substantially 

higher spatial and temporal resolution and improved representation of critical atmospheric 

processes, including the troposphere, tropical cyclones, and the precipitation cycle. 

Furthermore, ERA5 incorporates satellite data through advanced data assimilation 

techniques (Sreelakshmi and Bhaskaran, 2020a, b; Hersbach and Dee, 2016), enhancing the 

accuracy and reliability of its outputs. This ensures robust evaluation of the CMIP6 models' 

ability to simulate storm surge dynamics. Further details about the storm surge data used in 

this study are provided in Table 1. 

Table 1  

Details of the CMIP6 models and ERA5 reanalysis surge data used in this study. 
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CMIP6 Models Historical 

Future 

(SSP5-

8.5) 

Temporal 

Resolution 

Horizontal Resolution 

HadGEM3-GC31-HM, 

Earth3P-HR, 

CMCC-CM2-VHR4, 

HadGEM3-GC31-HM-

SST, GFDL-CM4C192-

SST 

 

 

 

Reanalysis data (ERA5) 

 

 

1971-

2000 

 

 

 

 

 

1979-

2010 

 

2021-

2050 

 

 

 

 

 

 

--- 

 

10 

minutes 

 

 

 

 

 

10 

minutes 

Coastal grid points: 0.1° 

Ocean grid points: 0.25°, 

0.5°, and 1° within 100 km, 

500 km, and >500 km of the 

coastline, respectively 

 

Coastal grid points: 0.1° 

Ocean grid points: 0.25°, 

0.5°, and 1° within 100 km, 

500 km, and >500 km of the 

coastline, respectively 

 

 

2.2 Methodology 

2.2.1 Generalized Extreme Value (GEV) distribution  

Extreme climate events represent substantial deviations from the average climate state, often 

leading to significant socio-economic consequences. In many climate-related studies, 

extreme value theory is used to model climatic extremes (Fisher and Tippett, 1928; Coles 

and Casson, 1999; Nogaj et al., 2000; Gellens, 2002; Kharin and Zwiers, 2005; Izaguirre et 

al., 2010, 2011). The Fisher-Tippett limiting theorem of extreme values includes three 

fundamental limiting distributions: Weibull, Gumbel, and Fréchet. Extreme value theory 

provides a statistical framework for describing the behavior of maxima for both stationary 
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and non-stationary processes, with these maxima characterized by the three extreme value 

distributions derived from the Fisher-Tippett limiting theorem (1928). Classical extreme 

value analysis (EVA) for estimating return sea levels often relies on GEV or GPD 

(Generalized Pareto Distribution) distributions, incorporating non-stationarities such as sea-

level rise and climate variability (Baldan et al., 2022; Bender et al., 2014; Kumar et al., 

2024; De Leo et al., 2021; Radfar et al., 2023). However, Type I distributions may be 

unsuitable in regions where extreme sea levels arise from multiple processes at different 

frequencies, such as tropical cyclone-prone areas (Irish et al., 2011; Haigh et al., 2014; 

O’Grady et al., 2022). To address this, O’Grady et al. (2022) proposed a mixed-climate 

statistical approach using two Gumbel EVDs. Bayesian hierarchical models (Calafat & 

Marcos, 2020) and climate simulation downscaling (Howard & Williams, 2021) have 

improved GEV parameter estimation. Other studies explore multivariate EVA with copulas 

(Jiang et al., 2015; Jonathan et al., 2014) and MLE methods to reduce uncertainty 

(Mudersbach & Jensen, 2011; van den Hurk et al., 2024). Non-stationary approaches, such as 

transformed-stationary models, offer insights into extreme sea-level variability (Mentaschi et 

al., 2016; Razmi et al., 2017; Tendijck et al., 2024; Kudryavtseva et al., 2018; Galiatsatou et 

al., 2019). GPD is applied explicitly to model values surpassing a defined threshold, often in 

the peaks over threshold (POT) framework, where critical considerations include parameter 

estimation and threshold selection. In contrast, the GEV distribution emerges as the limit 

distribution for block maxima originating from independent and identically distributed 

random variables, making it a more suitable choice for approximating seasonal storm surge 

extreme values (Menéndez et al., 2009; Huang et al. 2016; Ulrich et al. 2021). 

In this context, seasonal extremes of storm surge parameters are fitted to the GEV 

distribution at each grid point to assess the influence of climate variability modes. The three 
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distributions—Weibull, Gumbel, and Fréchet—are unified within the GEV distribution, 

whose cumulative distribution function is expressed as: 

𝐹(𝑥, 𝜇, 𝜎, 𝜉) = { 

exp *− exp ,−(
𝑥−𝜇

𝜎
)-+ ,                                         𝜉 = 0

 exp 0−21 + 𝜉 (
𝑥−𝜇

𝜎
)
−
1

𝜉
31  ,   𝜉 ≠ 0,  1 + 𝜉 (

𝑥−𝜇

𝜎
) > 0 

}       (1) 

where μ ∈ ℝ, σ > 0, and ξ ∈ ℝ denote the location, scale, and shape parameters, respectively, 

and the values ξ = 0, ξ < 0, and ξ > 0 correspond to the Gumbel, Weibull, and Fréchet 

distributions, respectively. The location parameter (μ) represents the central tendency of the 

GEV distribution, indicating the average intensity of extreme values. The scale parameter (σ) 

characterizes the dispersion of the distribution, reflecting year-to-year variability. The shape 

parameter (ξ) provides insights into the tail behavior of the distribution, indicating the 

likelihood of observing more extreme values. Maximum likelihood estimation (MLE) is used 

to estimate the GEV parameters, particularly for small sample sizes (e.g., 30 years), as 

recommended by Kharin and Zwiers (2000, 2005). 

Extreme events are often expressed in terms of return values of annual extremes. The T-year 

return value (RVT) is defined as the threshold exceeded, on average, once every T-years, 

with a probability P=1/T, where T represents the return period. To estimate the T-year return 

value, the GEV distribution is first fitted to a sample of seasonal extremes over a 30-year 

period, either for the present or future. The RVT is then derived by inverting the fitted GEV 

distribution. This inversion, also known as the quantile function, is expressed as follow: 

𝑥𝑇 = {
𝜇 − 

𝜎

𝜉
 ∙ {1 − *−𝑙𝑛 (1 −

1

𝑇
)+
−𝜉

} ,    𝜉 ≠ 0

𝜇 − 
𝜎

𝜉
 ∙ ,1 − *−𝑙𝑛 (1 −

1

𝑇
)+- ,        𝜉 = 0

                                        (2) 

For this study, we calculate 10-year return values for both the historical period (1971–2000) 

and near-term projections (2021–2050) to assess changes. In this context, the location 

parameter represents the average intensity of extreme surge levels, while the scale parameter 
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reflects the variability of these extremes. The 100-year return value for storm surge (RV100) 

is determined using Eq. (2) and represents the extreme surge level expected once in 100 

years. To calculate the return values, the seasonal maximum storm surges from 1971–2000 or 

2021–2050 are first fitted to the GEV distribution, and the RV100 storm surge is then 

obtained by inverting this fitted distribution. 

2.2.2 Evaluation skill metrics 

The statistical evaluation of climate models is performed using various skill metrics, 

including Root Mean Square Error (RMSE), Interannual Variability Skill Score (IVS), M-

Score, and Taylor Skill Score (TSS), against reanalysis storm surge data for the JJA and SON 

seasons for the period spanning 1979-2010. 

(i) Root Mean Square Error (RMSE) 

 RMSE is a widely used error index that quantifies the differences between observed and 

modelled data (Mckeen et al. 2005; Savage et al. 2013; Chai et al. 2013; Yadav et al. 2024). 

For each model's storm surge response to reanalysis, RMSE values are calculated as follows: 

𝑅𝑀𝑆𝐸 = √〈(𝑋 − 𝑌)2〉                                                                 (3) 

where 𝑋 and 𝑌 represent the model and reanalysis datasets, respectively, and the angular 

brackets denote the spatial mean over the global ocean. Lower 𝑅𝑀𝑆𝐸 values indicate better 

model performance, while higher values suggest poorer performance. 

(ii) Interannual Variability Skill Score (IVS) 

The 𝐼𝑉𝑆 evaluates the interannual variability of the simulations relative to that of the 

reanalysis (Gleckler et al., 2008; Scherrer, 2011). It is a symmetric variability metric used to 

quantify the similarity in interannual variation between the simulation and reanalysis 

datasets. 𝐼𝑉𝑆 is defined as: 

𝐼𝑉𝑆 = 𝜋 (
𝑆𝑇𝐷𝑚

𝑆𝑇𝐷𝑟
− 

𝑆𝑇𝐷𝑟

𝑆𝑇𝐷𝑚
)
2

                                                                 (4) 
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where 𝑆𝑇𝐷𝑚 and 𝑆𝑇𝐷𝑟 represent the spatial standard deviations of the modeled and 

reanalysis storm surge data, respectively. The IVS serves as a symmetric variability metric 

designed to gauge the resemblance of interannual variation between the simulation and 

reanalysis datasets. A smaller 𝐼𝑉𝑆 value indicates better performance in capturing 

interannual variability. 

(iii) M-score 

Additionally, the Arcsin-Mielke measure, or M-Score (Mielke Jr., 1991; Watterson, 1996; 

Watterson et al., 2014), is a non-dimensional skill score based on the MSE, normalized by 

the spatial variance. The M-Score is computed as defined by Watterson et al. (2015) and is 

given by: 

𝑀 =
2

𝜋
∗ arcsin (1 − 

𝑀𝑆𝐸

𝑉𝑥+ 𝑉𝑦+ (𝐺𝑥− 𝐺𝑦)
2) ∗ 1000                                              (5) 

where 𝑉𝑥 and 𝑉𝑦 represent the spatial variances of the model and reanalysis fields, 

respectively; 𝐺𝑥 and 𝐺𝑦 denote the spatial averages of the model and reanalysis fields, 

respectively; and 𝑀𝑆𝐸 is the mean square error between the model field (𝑌) and the 

reanalysis field (𝑋). The factor 2/π normalizes the 𝑎𝑟𝑐𝑠𝑖𝑛 term, which ranges from zero to 

π/2. The M-Score ranges from zero (or even negative), indicating no skill, to a theoretical 

maximum of 1000 when 𝑀𝑆𝐸 =  0. Higher M-Score values indicate better model 

performance. 

(iv) Taylor Skill Score (   ) 

The Taylor Skill Score quantifies the relationship between the correlation coefficient and the 

standard deviations of the models compared to reanalysis (Taylor, 2001). 𝑇𝑆𝑆 is a widely 

used statistical metric for evaluating climate models, as documented in numerous studies 

(Kusunoki and Arakawa, 2015). The 𝑇𝑆𝑆 is calculated as: 

𝑇𝑆𝑆 =  
 (1+ )

 .𝜎̃  + 
1

 ̃ 
/

2

 (1+  )

                                                       (6) 
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where 𝑅 is the correlation coefficient between the model simulations and reanalysis, 𝜎̃   is 

the ratio of the standard deviation of the model simulations to that of the reanalysis, and 𝑅  

is the maximum attainable correlation coefficient, which is 1. A 𝑇𝑆𝑆 value close to 1 

indicates higher accuracy. 

(v) Comprehensive Rating Index (𝑪𝑹𝑰) 

The ranking of extreme indices for each metric is crucial for model evaluation, and the 

Comprehensive Rating Index (𝐶𝑅𝐼) is used to rank models based on each metric effectively 

(Jiang et al., 2015; Kim et al., 2020a, b). The 𝐶𝑅𝐼 is defined as 

 𝐶𝑅𝐼 =  
1

𝑛
 ∑

𝑟𝑎𝑛𝑘𝑖

𝑚

𝑛
𝑖=1                                                         (7)                                                                   

where 𝑛 is the number of indices, 𝑚 is the number of models, and 𝑟𝑎𝑛𝑘𝑖 represents the 

ranking of the target model for the index 𝑖. A 𝐶𝑅𝐼 value closer to 1 indicates superior model 

performance. 

3 Validation and performance evaluation metrics  

The performance of five CMIP6 models in simulating extreme storm surges over the Indo-

Pacific region for the 32-year period (1979–2010) is evaluated using multiple performance 

metrics during the JJA and SON seasons. To assess the models' ranking, metrics such as bias, 

RMSE, IVS, TSS, and CRI are calculated for the Indo-Pacific region. Firstly, the spatial bias 

of the 100-year return value for individual models and the MME is shown in Fig.1. Bias 

quantifies the RV100 difference between the models and reanalysis data, indicating model 

overestimation (positive bias) or underestimation (negative bias) compared to the ERA5 

reanalysis. Although ERA5 is not as reliable as tide gauge observations, it serves as a 

consistent and spatially comprehensive reference dataset. During JJA, all models except EC-

Earth3P-HR tend to overestimate storm surge levels in the Western North Pacific (WNP), 

while along the Indonesian coastline, all models-except CMCC-CM2-VHR4 similar 
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overestimation. Along the eastern coast of New Zealand, EC-Earth3P-HR underestimates, 

while other models overestimate. 

 

Fig. 1 Relative bias (%) of extreme storm surge (RV100) levels from individual models and 

the MME compared to ERA-5 data for the historical period (1979–2010), during the JJA 

(panels a–f) and SON (panels g–l) seasons over the Indo-Pacific Ocean. 

 In the NIO, the models EC-Earth3P-HR and HadGEM3-GC31-HM-SST underestimate, 

while the other models show overestimation in JJA. In SON all the models exhibit 

overestimation. Across the equatorial region, most models overestimate storm surges, except 

forCMCC-CM2-VHR4 and EC-Earth3P-HR, which underestimates, and MME, which 
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overestimates across the entire Indo-Pacific Ocean in JJA. During SON, all the models show 

negative bias across equatorial region of the Indo-Pacific Ocean. In both the WNP and NIO, 

all models overestimate storm surges, except for the EC-Earth3P-HR and HadGEM3-GC31-

HM-SST model. Overall, the MME underestimates in both JJA and SON seasons, while 

most individual models overestimate along the WNP coastline, with the exception of EC-

Earth3P-HR in JJA. Additionally, both CMCC-CM2-VHR4 and EC-Earth3P-HR exhibit 

underestimation near the equator in both seasons. 

Among all the CMIP6 models, HadGEM3-GC31-HM-SST exhibits the lowest RMSE, 

followed by HadGEM3-GC31-HM, GFDL-CM4C192-SST, EC-Earth3P-HR, and CMCC-

CM2-VHR4 during SON. In JJA, EC-Earth3P-HR shows the lowest RMSE, followed by 

GFDL-CM4C192-SST, HadGEM3-GC31-HM, HadGEM3-GC31-HM-SST, and CMCC-

CM2-VHR (see Fig.2). Overall, CMCC-CM2-VHR4, EC-Earth3P-HR, and GFDL-

CM4C192-SST exhibit lower RMSE values during JJA, while HadGEM3-GC31-HM and 

HadGEM3-GC31-HM-SST perform better during SON. The MME demonstrates the lowest 

RMSE across all models, outperforming individual CMIP6 models as expected. The IVS 

score is used to assess how well a model simulates interannual variability compared to 

reanalysis data. The IVS is independent of the mean bias, focusing instead on variability.  

 In JJA, EC-Earth3P-HR demonstrates the lowest IVS, followed by GFDL-CM4C192-SST, 

MME, HadGEM3-GC31-HM-SST, HadGEM3-GC31-HM, and CMCC-CM2-VHR4. In 

SON, GFDL-CM4C192-SST exhibits the lowest IVS, followed by HadGEM3-GC31-HM-

SST, MME, EC-Earth3P-HR, HadGEM3-GC31-HM, and CMCC-CM2-VHR4 (Fig.2). 

CMCC-CM2-VHR4 models consistently exhibit the poorest simulation of interannual 

variability in both seasons. Additionally, the M-score, which evaluates storm surge 

performance across CMIP6 models, ranges from 763 to 859 for JJA and SON. A higher M-

score indicates better model performance. During JJA, HadGEM3-GC31-HM ranks highest, 
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followed by GFDL-CM4C192-SST, EC-Earth3P-HR, HadGEM3-GC31-HM-SST, and 

CMCC-CM2-VHR4. In SON, HadGEM3-GC31-HM-SSTachieves the highest M-score, 

followed by HadGEM3-GC31-HM, EC-Earth3P-HR, GFDL-CM4C192-SST, and CMCC-

CM2-VHR4. Overall, CMCC-CM2-VHR4 performs the worst, while the MME shows the 

best performance in both seasons.  

 

 

Fig. 2 RMSE, IVS, M Score, and TSS for each model over the Indo-Pacific region during the 

JJA and SON seasons for 32 years from 1971-2010. 

 

The Taylor diagram and standard deviation analysis for storm surge skill across five 

individual models, the MME, and reanalysis data for the Indo-Pacific region during JJA and 

SON seasons (1971–2010) are presented in Fig.3. This analysis quantitatively assesses 

model performance in simulating storm surges. Overall, the models exhibit a high correlation 

with reanalysis data, with correlation coefficients ranging from 0.95 to 0.99. The MME 
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shows superior performance over individual models in both seasons as it averages the 

performance output and suppresses outlier results, thereby enhancing its representation of 

storm surge patterns. Additionally, the MME displays the lowest standard deviation, 

indicating improved stability and consistency, whereas the CMCC-CM2-VHR4 model 

demonstrates the highest standard deviation, suggesting greater variability in its storm surge 

simulations. 
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Fig. 3. The Taylor diagram and standard deviation (m) for five models, MME, and reanalysis 

data are provided for the Indo-Pacific region during the JJA and SON seasons for the period 

1971-2010. 

 

Overall, the performance of CMIP6 models demonstrates variation across different skill 

metrics during the JJA and SON seasons from 1979–2010. The CRI is derived by combining 

the rankings of four key metrics: RMSE, IVS, TSS, and M-Score, as outlined in the 

methodology. Evaluating model performance based on a single metric does not provide a 

comprehensive assessment (see Fig. 4). Therefore, these four skill metrics have been 

incorporated to establish the overall ranking of individual models, offering a holistic 

evaluation of storm surge simulation for each model. Based on the combined ranking, the 

best-performing models in JJA are, in order: MME, HadGEM3-GC31-HM, GFDL-

CM4C192-SST, EC-Earth3P-HR, HadGEM3-GC31-HM-SST, and CMCC-CM2-VHR4. In 

SON, the ranking is MME, HadGEM3-GC31-HM-SST, GFDL-CM4C192-SST, HadGEM3-

GC31-HM, EC-Earth3P-HR, and CMCC-CM2-VHR4. 
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Fig. 4 A portrait diagram is presented, illustrating the ranking of five CMIP6 models and the 

MME based on metrics such as RMSE, IVS, M-Score, and TSS, compared to reanalysis data 

over the Indo-Pacific region for the JJA and SON seasons. The CRI ranking is provided 

using skill metrics. 

 

4 Results and Discussion 

4.1 Extreme climatology of storm surge 

Fig. 5 presents the climatological patterns of one-in-100-year (RV100) extreme storm surge 

levels during the historical period (1971–2000) for five CMIP6 models and the MME mean. 

Results are shown for both the JJA (panels a–f) and SON (panels g–l) seasons. During the 

JJA season, storm surge return values (RVs) exhibit significant spatial variation, particularly 

in the coastal regions of the WNP. Among the climate models, CMCC-CM2-VHR4 predicts 

notably higher RVs in this region, while EC-EARTH3P-HR and the HadGEM3-GC31-HM-

SST display comparatively lower surge levels over the WNP. In the equatorial region of the 

Pacific Ocean, the MME exhibits higher surge values. The MME plays a crucial role in 

climate model evaluation by reducing individual model biases, quantifying uncertainties, and 

offering insights into the model spread and consensus. This synthesis is particularly valuable 

for providing policy-relevant climate projections and a robust understanding of potential 

climate impacts. The coastal regions surrounding southern Australia and New Zealand 

exhibit significantly larger return values across all models, though slightly lower values are 

observed in HadGEM3-GC31-HM-SST model. In the equatorial zone (20°S to 20°N), all 

models, except the MME, consistently show lower storm surge levels, indicating reduced 

RVs in this region during JJA. 
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Fig. 5 Climatological distribution of storm surge levels corresponding to a 100-year return 

period in the Indo-Pacific Ocean, derived from five CMIP6 HighResMIP models and MME 

mean data for the historical period (1971–2000), during the JJA (panels a–f) and SON 

(panels g–l) seasons. 

 

The MME mean is the arithmetic average of the individual models. The RV100 extreme 

storm surge responses were derived as described in the ―Methods‖ section. For SON, over 

the North Pacific, all CMIP6 models exhibit a similar return value pattern, with the MME 

showing slightly higher values, indicating reduced model uncertainty in this region. Coastal 
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areas, including the South China Sea, Gulf of Thailand, New Zealand, and southern 

Australia, display higher storm surge intensities, more than 0.8 meters, across all models, 

though the MME exhibits slightly stronger intensities. These elevated surge levels can be 

attributed to shallow coastal waters and complex topography, which can amplify storm 

surges, especially in regions with high tidal ranges and strong wind patterns. The relatively 

high frequency of tropical cyclones in the western Pacific, particularly during SON, further 

contributes to the observed surge intensities. Among the models, GFDL-CM4C192-SST 

shows the highest value of surge levels, particularly in comparison to other models except 

the MME. Notably, HadGEM3-HM-SST also indicates elevated surge levels along the 

northern sector of the Indian coastline. In contrast, the lower surge values, ranging from 0.1 

to 0.3 meters, in the Indian Ocean and the central western North Pacific, extending toward 

the central and eastern Pacific Ocean, are likely due to deeper ocean basins and reduced 

storm activity in these regions during the SON season. The bathymetry and broader fetch of 

these areas allow for greater dissipation of wave energy, resulting in less pronounced surge 

levels. Overall, the models systematically project lower storm surge levels in the northern 

oceanic regions (20°N to 60°N) and higher RVs in the Southern Ocean (30°S to 60°S) during 

both the JJA and SON seasons, while the MME exhibits elevated values in the equatorial 

region of the Pacific Ocean in both seasons This suggests a potential model bias or limitation 

in simulating surge dynamics in these latitudinal bands during the JJA season. 

Figure 6 presents the Indo-Pacific storm surge levels for the five climate models and the 

MME over a 100-year return period, projected for the near-term (2021–2050) during the JJA 

and SON seasons. The spatial patterns of return values (RVs) are similar to the historical 

period but with notable differences in magnitude. These variations in storm surge heights are 

closely linked to climatological differences, where mid-latitude regions typically experience 

more  
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Fig. 6 Climatological distribution of storm surge levels corresponding to a 100-year return 

period in the Indo-Pacific Ocean, based on five CMIP6 HighResMIP models and MME 

mean data for the near-term (2021–2050), for the JJA (panels a–f) and SON (panels g–l) 

seasons. 

 

dynamic and stormy conditions compared to equatorial regions (Merrifield et al., 2013; 

Rueda et al., 2017). In tropical areas, storm surges are primarily driven by tropical cyclones, 

characterized by their smaller spatial scale, shorter duration, higher amplitudes, and lower 
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probability compared to mid-latitude storms (Dullaart et al., 2021; von Storch & Woth, 

2008). 

During the JJA season, the GFDL-CM4C192-SST model projects stronger storm surge levels 

in the Gulf of Carpentaria compared to the historical period. In the Yellow Sea, all models 

indicate elevated surge levels during JJA, whereas CMCC-CM2-VHR4 and the MME show 

comparatively lower intensities across other regions. Models such as EC-Earth3P-HR, 

GFDL-CM4C192-SST, and HadGEM3-GC31-HM-SST simulate higher surge values at most 

stations across the Northern Indian Ocean relative to the historical period. Similarly, these 

models project enhanced surge intensities along the coastlines of New Zealand and the 

southern coast of Australia.  

 During the SON season, models such as EC-Earth3P-HR, GFDL-CM4C192-SST, 

HadGEM3-GC31-HM, and the HadGEM3-GC31-HM-SST indicate heightened storm surge 

intensities in the Indonesian coast compared to the historical period. Additionally, the 

majority of coastal stations show elevated surge levels across all models in the Western 

North Pacific (WNP) region. In the Northern Indian Ocean (NIO), models like CMCC-CM2-

VHR4, EC-Earth3P-HR, HadGEM3-GC31-HM, and MME exhibit higher surge intensities, 

whereas GFDL-CM4C192-SST and HadGEM3-GC31-HM-SST display relatively lower 

intensities compared to the historical period. In the Gulf of Thailand region, all models, 

except GFDL-CM4C192-SST, project elevated storm surge values relative to the historical 

simulations. Overall, the spatial pattern highlights region-specific model performance and 

emphasizes areas of significant projected surge amplification under future climate 

conditions. 

 

4.2 Variability of storm surge  
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The standard deviation of a variable represents its degree of dispersion from the mean, 

serving as an indicator of variability (Dobrynin et al., 2012; Kumar et al., 2020). Figure 7 

illustrates the scale parameter of the GEV distribution, reflecting the extreme variability in 

storm surge levels for the five climate models and the MME during the historical period 

across JJA and SON seasons.  

 

 

Fig. 7. Variability in the distribution of extreme storm surge levels in the Indo-Pacific Ocean, 

based on five CMIP6 HighResMIP models and MME mean data for the historical period 
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(1971–2000), during the JJA (panels a–f) and SON (panels g–l) seasons. The scale parameter 

(𝜎 ₀) of the GEV distribution is shown to represent the variability of extremes. 

 

During JJA, the South China Sea's coastline is marked by heightened storm surge variability 

across all models, including the MME. Similarly, the southern coastlines of Australia and 

New Zealand show pronounced variability in all five models, though the MME indicates 

relatively lower variability compared to individual models. The equatorial region continues 

to exhibit minimal variability in storm surge levels across all models during JJA consistent 

with its historically less stormy climatology. 

In the SON season, all five models exhibit high variability in the North Pacific (NP), 

especially along coastal regions, with the MME indicating elevated variability, specifically in 

the NP coastline. The Gulf of Carpentaria also shows considerable variability across all 

models, including the MME. In contrast, the equatorial region displays lower variability in 

storm surge levels across all models, suggesting less fluctuation in this zone. 

 

4.3 Projected changes of storm surges 

The projected changes in both the mean and extreme storm surge (RV100) climatology under 

the high-emission scenario SSP5-8.5 for the period 2021–2050, relative to the historical 

reference period (1971–2000) over the Indo-Pacific region during the JJA season, are 

presented in Fig. 8 and Fig. 9, respectively. These projections are derived from five 

individual CMIP6 models, along with the MME, representing the average of these models. 

During the JJA season, changes in mean storm surge—defined as the average of seasonal 

extremes over a 30-year period (see Fig. 8) exhibit positive trends in the northern sector of 

the Pacific Ocean across all models, including the MME. All models, except GFDL-

CM4C192-SST, project the highest storm surge levels along the coastline of the Yellow Sea. 
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HadGEM3-GC31-HM-SST exhibits strong positive changes over the southern Indian Ocean 

(IO), the southern sector of Australia, and the coastline of New Zealand, compared to other 

models.  

 

Fig. 8 Projected changes in mean storm surge levels in the Indo-Pacific Ocean are displayed 

using five CMIP6 HighResMIP models and the MME mean data for the period 2021–2050, 

compared to 1971–2000, under the high-emission scenario SSP5-8.5 during the JJA season. 

 

These amplified changes in HadGEM3-GC31-HM-SST may be attributed to its higher 

resolution and improved representation of surface winds and air-sea interactions, which drive 
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stronger storm surges in these regions (Monerie et al., 2020). However, the overall MME 

suggests negative changes in the southern sectors. Most models, including MME, project 

negative storm surge changes in the equatorial region. The equatorial region often 

experiences  

 

Fig. 9 Projected changes in extreme (RV100) storm surge levels in the Indo-Pacific Ocean 

are displayed using five CMIP6 HighResMIP models and the MME mean data for the period 

2021–2050, compared to 1971–2000, under the high-emission scenario SSP5-8.5 during the 

JJA season. 

 

                  



29 
 

less intense storm activity compared to mid-latitude areas, where atmospheric conditions 

favor stronger cyclonic events. This tendency results in models, including MME, projecting 

negative or minimal changes in storm surge for equatorial and adjacent southern regions 

(Seneviratne et al., 2021; Lehmann et al., 2015). Overall, MME projects negative changes in 

storm surge across regions such as the southern Indian Ocean (SIO), the central North 

Pacific (CNP), and the southern coastlines of Australia. In contrast, positive projected 

changes in storm surge are observed in the northern Pacific Ocean, the northern Bay of 

Bengal (BoB), the southern coast of Australia, and the coastline of the Yellow Sea. For 

extreme events (i.e., 1-in-100-year storm surge levels) shown in Fig. 9, all models exhibit 

similar spatial patterns, although the magnitude of intensification varies among models. The 

best-performing model, MME, projects negative changes across most of the Indo-Pacific 

region during JJA. However, the coastline of the Yellow Sea shows strong positive changes, 

which may be due to localized wind intensification in the region (Zhang et al., 2022; Li et 

al., 2022).  

In Fig. 10,  the changes in mean storm surge are more spatially pronounced compared to 

those associated with the RV100 extreme storm surge during the SON season. All models 

demonstrate a significant increase in the northern sector of the Pacific Ocean. Among the 

models, CMCC-CM2-VHR4 shows the most substantial changes, whereas HadGEM3-

GC31-HM exhibits the least. The larger increase in CMCC-CM2-VHR4 could be attributed 

to its finer atmospheric resolution and more advanced physical parameterization of surface 

fluxes and wind fields, which are critical in determining storm surge magnitude (Haarsma 

et al., 2016; Roberts et al., 2020; Priestley and Catto, 2022b).  

In contrast, HadGEM3-GC31-HM’s lower sensitivity to such extremes might relate to its 

relatively coarse resolution and reduced feedback processes between the ocean and 

atmosphere (Zhao et al., 2018). In the WNP region, models such as CMCC-CM2-VHR4 and 

                  



30 
 

GFDL-CM4C192-SST exhibit positive storm surge changes, while others show a potential 

decrease (see Fig. 10). However, all the models except EC-Earth3P-HR indicates positive 

changes, particularly along the coastline of the Yellow Sea. This discrepancy among models 

may be explained by variations in wind speed, and the influence of ENSO and IOD during 

the SON season (Kumar et al., 2019; Lui et al., 2023). Increased ENSO activity, often linked 

with  

 

Fig. 10 Projected changes in mean storm surge levels in the Indo-Pacific Ocean are 

displayed using five CMIP6 HighResMIP models and the MME mean data for the period 
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2021–2050, compared to 1971–2000, under the high-emission scenario SSP5-8.5 during the 

SON season. 

 

anomalous sea surface temperatures, could lead to more intense storm surges in these 

regions. In the NIO, models such as GFDL-CM4C192-SST, HadGEM3-GC31-HM, and 

HadGEM3-GC31-HM-SSTpredict positive changes, while others show negative trends. 

However, the MME suggests an overall positive increase in storm surges. Increased wind 

stress during ENSO events are critical drivers of these regional differences (Wang et al., 

2017). Overall, the MME, as the best-performing model, suggests significant positive 

changes in storm surge along the coastal regions of the WNP, and NIO, particularly near the 

Yellow Sea and the northern Pacific Ocean coastline. Conversely, negative changes are 

projected in the southern equatorial region, the coastline of South China Sea, and between 

the equator and 40°S in PO, potentially due to weaker wind stress during SON (Cai et al., 

2019). 

The extreme storm surge (RV100) projections has been shown in Fig. 11 during the SON 

season. The extreme storm surge values follow a pattern similar to the mean storm surge 

values across the models, albeit with increased intensity. All models project a significant 

increase in storm surge levels along the coastline of the northern North Pacific Ocean (NPO) 

and the coastline of Indonesia. For instance, models such as CMCC-CM2-VHR4, EC-

Earth3P-HR, HadGEM3-GC31-HM-SST, and the MME indicate positive changes in the 

NIO. Meanwhile, GFDL-CM4C192-SST and HadGEM3-GC31-HM exhibit mixed negative 

and positive changes. In the Gulf of Carpentaria, models like CMCC-CM2-VHR4, EC-

Earth3P-HR, and GFDL-CM4C192-SST project a substantial increase in storm surge, while 

both versions of HadGEM3-GC31-HM indicate a negative trend. The models' varying 
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sensitivity to extreme winds during SON plays a crucial role in these discrepancies (Muis et 

al., 2023; Priestley et al., 2022). 

Overall, the MME, as the best-performing model, suggests substantial positive changes in 

mean storm surge along the WNP, NIO, and southern New Zealand particularly near the 

Yellow Sea and northern Pacific Ocean coastline. In contrast, negative changes are projected 

in the southern equatorial regions, likely driven by weaker wind stress and the dampening 

effects of negative IOD phases during SON. Extreme storm surge (RV100) changes show a 

consistent increase along the NIO, the Coastline of Indonesia, and northern Pacific Ocean 

coastlines, while a decreasing trend is observed in the Central Pacific, linked to reduced 

wind patterns and the influence of ENSO and IOD dynamics. 
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Fig. 11 Projected changes in extreme (RV100) storm surge levels in the Indo-Pacific Ocean 

are displayed using five CMIP6 HighResMIP models and the MME mean data for the period 

2021–2050, compared to 1971–2000, under the high-emission scenario SSP5-8.5 during the 

SON season. 

 

During the JJA season, the MME shows pronounced surge activity in regions such as the 

Yellow Sea and the Gulf of Carpentaria, which decreases during the SON season. This 

seasonal decline can be attributed to a southward shift in tropical cyclogenesis and altered 
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atmospheric circulation patterns, including the weakening of low-level monsoonal winds and 

displacement of the subtropical jet stream (Lin et al., 2014; Emanuel, 2020). 

In contrast, regions such as the coastline of Indonesia and the Northern Indian Ocean exhibit 

positive projected changes during SON but not during JJA. This seasonal increase may be 

linked to changes in sea-level pressure gradients and enhanced convective activity driven by 

the transition phase of the monsoon and increased Madden-Julian Oscillation (MJO) activity 

during SON (Wang and Li, 2004; Klotzbach and Oliver, 2015). Similarly, the southern coasts 

of Australia and New Zealand show positive changes in projected surge values during JJA, 

but these shift to negative anomalies in SON. This reversal may result from seasonal 

transitions in extratropical cyclone tracks and reduced intensity of westerly winds during 

SON, which diminishes the surge-generating potential in these mid-latitude regions (Pepler 

et al., 2018; Catto et al., 2019). 

 

5. Discussion and Conclusion 

This study offers important insights for large-scale studies on future flood risk and climate 

adaptation, especially in regions where climate extremes are often overlooked. Although sea-

level rise is expected to be the main factor driving increases in extreme water levels (Kirezci 

et al., 2020; Pringle et al., 2021; Vousdoukas et al., 2018), storm surge changes may also play 

a significant role. Compared to global projections based on CMIP5 models (Muis et al., 

2020; Vousdoukas et al., 2018), the 5 GTSMip models and ensemble mean from our near-

future simulations shows more pronounced surge changes across the Indo-Pacific. These 

projections are largely consistent with regional studies, especially in semi-enclosed basins at 

mid- to high-latitudes, where enhanced surge activity may be linked to poleward shifts in 

storm tracks and increased post-tropical cyclone occurrences (Haarsma, 2021). For Australia, 

our finding of increased surge along the the southern coast and Gulf of Carpentaria reduced 
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surge along aligns with Colberg et al. (2019), though their simulations show generally milder 

trends. In East Asia, we observe surge intensification in the East China Sea and Yellow Sea, 

which contrasts with Yasuda et al. (2014), whose single-model projection showed a decrease. 

Notably, comparing tropical cyclone-driven extremes remains challenging, as many studies 

use higher return periods and stochastic modeling approaches (Marsooli et al., 2019) 

This study examined projected changes in storm surge extremes (RV100) and their 

variability in the Indo-Pacific region, focusing on seasonal mean and extreme storm surges 

under the high-emission SSP5-8.5 scenario. Key findings reveal increased storm surge levels 

in vulnerable areas, such as the South China Sea, Northern Indian Ocean (NIO), Yellow Sea, 

and the southern coast of Australia and New Zealand during both JJA and SON seasons, 

driven by intensified wind and ocean-atmosphere interactions. Conversely, regions in the 

southern equatorial Indo-Pacific are projected to experience reduced storm surges, likely due 

to weakened monsoonal activity and diminished ENSO/IOD dynamics. 

Model evaluations of five CMIP6 models using metrics such as bias, RMSE, IVS, TSS, and 

CRI demonstrated HadGEM3-GC31-HM’s accuracy in JJA, with HadGEM3-GC31-HM-

SST performing best in SON. The MME consistently showed the lowest bias and highest 

correlation, confirming its reliability and stability in storm surge simulations. CRI rankings 

validated MME’s superior performance, followed by HadGEM3-GC31-HM and HadGEM3-

GC31-HM-SST, while CMCC-CM2-VHR4 ranked lowest due to higher biases. 

Historical analysis (1971–2000) revealed elevated storm surges during SON in areas such as 

the South China Sea, Gulf of Thailand, and southern coast of Australia and New Zealand, 

with GFDL-CM4C192-SST showing the highest intensities. During JJA, strong variability 

was observed along southern Australia and New Zealand. For the near-term (2021–2050), 

most models, particularly EC-Earth3P-HR and the MME, project increased surges in the 

Yellow Sea and WNP coastlines, along with heightened surge levels in the Northern Indian 
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Ocean, Gulf of Carpentaria, Arabian Sea, and Bay of Bengal. Variability analysis highlights 

high dispersion in the North Pacific and Gulf of Carpentaria during SON, and in the South 

China Sea, southern Australia, and New Zealand during JJA, while the equatorial region 

consistently shows low variability. 

Under the SSP5-8.5 scenario, future projections indicate regionally varying impacts. SON is 

expected to see significant increases in mean storm surge levels along the WNP, NIO, and 

southern New Zealand coastlines, especially near the Yellow Sea and Northern Pacific 

Ocean, due to stronger winds and ENSO/IOD interactions. Meanwhile, areas between the 

equator and 30°S are projected to experience reduced surges, likely due to weaker wind 

stress. Extreme RV100 changes suggest increased surges in the Northern Pacific Ocean, 

coastline of Indonesia, and NIO, while declines are projected in the Gulf of Carpentaria and 

Yellow Sea. For JJA, all models, including MME, predict positive surge shifts in the 

northern Pacific, with intensified surges over the southern Indian Ocean and near New 

Zealand, while declines in the equatorial and southern Indo-Pacific regions reflect reduced 

monsoonal activity and weakened ENSO/IOD effects. 

Overall, these findings underscore the increasing storm surge events in the WNP, NIO, 

Indonesia, and Yellow Sea coastlines, emphasizing the need for targeted adaptation 

strategies. The regional variability in projected changes also provides valuable insights for 

understanding future storm surge dynamics in the Indo-Pacific. 

The study applies a statistical modeling approach based on Extreme Value Analysis (EVA) 

using 30-year historical and future periods, which inherently carries considerable uncertainty 

(Wahl et al., 2017), making it difficult to robustly detect trends in extremes. Our analysis 

focuses exclusively on extreme events under the high-emission SSP5-8.5 scenario; 

incorporating lower-emission pathways in future work would enhance the understanding of 

projection uncertainty. While the 100-year return level is a widely accepted metric, it may 
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not fully capture the influence of climate variability, particularly for low-probability tropical 

cyclone events that require stochastic simulations over multi-millennial timescales and 

depict uncertainty (Dullaart et al., 2021; Haigh et al., 2013; Lin & Emanuel, 2015; Marsooli 

et al., 2019; Orton et al., 2016). Confidence in future projections could be improved by 

expanding the ensemble to include additional HighResMIP models and exploring more 

advanced statistical approaches. These include non-stationary EVA that integrates 

interannual climate drivers (Rohmer et al., 2021), Bayesian frameworks that allow spatial 

information sharing (Calafat & Marcos, 2020), and ensemble pooling methods to leverage 

multi-model extremes (Meucci et al., 2020). 
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