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Abstract

:

Many modern frameworks for community resilience and emergency management in the face of extreme hydrometeorological and climate events rely on scenario building. These scenarios typically cover multiple hazards and assess the likelihood of their occurrence. They are quantified by their main characteristics, including likelihood of occurrence, intensity, duration, and spatial extent. However, most studies in the literature focus only on the first two characteristics, neglecting to incorporate the internal hazard dynamics and their persistence over time. In this study, we propose a multidimensional approach to construct extreme event scenarios for multiple hazards, such as heat waves, cold spells, extreme precipitation and snowfall, and wind speed. We consider the intensity, duration, and return period (IDRP) triptych for a specific location. We demonstrate the effectiveness of this approach by developing pertinent scenarios for eight locations in Greece with diverse geographical characteristics and dominant extreme hazards. We also address how climate change impacts the scenario characteristics.
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1. Introduction


Hazard scenarios have long been a standard tool in disaster risk management (ASCE 7 Hazard Tool, https://asce7hazardtool.online/, accessed on 1 July 2023), although the methodologies and tools to develop them have evolved with the developments of paradigms, advanced statistical tools, and simulation models. Modern disaster risk reduction (DRR) practices and guidelines for risk assessment [1,2] are based on an evidence-driven process across different organizational and governance levels. They leverage the design of realistic multi-hazard risk scenarios.



Hazard scenarios are useful for modeling and simulating all phases of the disaster risk management cycle. This includes designing protective measures, quantifying risk, planning responses, preparing for disasters, and planning for recovery and reconstruction. To paint a complete picture of the potential impacts, hazard scenarios with different likelihoods of occurrence can be developed. These scenarios and their attributes can also be used to establish acceptable performance requirements for structures, systems, and components, accounting for the protection-by-design dimension. Additionally, they can be used to derive design-basis events [3] or characteristic design threshold values [4,5].



Defining hazard-specific attributes that describe scenarios is a reliable alternative to examining future disaster events in terms of their intensity, likelihood of occurrence, duration, and other characteristics. For instance, in the case of droughts, these attributes can include the time of the beginning and end of the drought, while in the case of hydrological droughts or floods, they can include their volume.



According to [6] definitions, certain characteristics are commonly used to describe extreme events such as heat waves, droughts, and extreme precipitation. The construction and interpretation of IDF curves are also widely used in hydrology for flood forecasting, civil engineering for urban drainage design, and for defining and analyzing drought events.



It is possible to create scenarios and determine their characteristics by using various data sources, such as climate change and triggering events. As noted in [7], analyzing future changes in extreme weather conditions can help in generating hazard scenarios with less uncertainty related to the response to global warming [8,9,10]. Selecting appropriate climate parameters for generating scenarios, such as the annual maximum daily temperature ((maximum value of daily maximum temperature, TXx) and heavy daily precipitation (maximum 1-day precipitation, Rx1day), can reduce the impact of climate noise and provide more clarity to the selected scenarios.



Extreme weather events are heavily influenced by climate change, and therefore it is important to consider the element of non-stationarity [11,12,13]. This non-stationarity can also result from human activities such as changes in land cover, river regulation, construction of retention reservoirs, and the increase in air temperature in cities, known as the urban heat island effect [14,15]. To estimate the intensity of a specific hazard over a particular duration for a specified return period or probability of exceedance (frequency), various methods are used, such as those in [16,17].



These curves are created using statistical frequency analysis and extreme value theory, such as the generalized extreme value distribution (GEV) and the generalized Pareto distribution (GP), and one-dimensional [18,19] or multivariate probability distributions [20]. Correction methods may be used to ensure that the curves generated for different durations do not produce physically implausible results. The resulting extreme values can be developed for both historical and future time periods (e.g., [21]). However, recent reports [22,23] suggest that relying solely on long-term frequency assessment can be misleading if there are significant changes in trends and variability over time. Therefore, more comprehensive approaches are recommended that synthesize methods over multiple spatial and temporal scales for the entire non-stationary management process across all types of extremes, rather than just one type, such as precipitation.



There is a growing number of studies in the literature that focus on a single hazard. Flooding has been the main academic field that pioneered the development of the intensity–duration–frequency (IDF) curves. Comprehensive reviews [24,25,26] are frequently published, which also take into account the impacts of climate change and general circulation model (GCM) projections. Some authors [27,28,29] have discussed changes in extreme precipitation and related uncertainty, proposing guidelines for appropriately designing flood protective measures or adapting existing ones to future projections. Several authors in Sao Paolo [30], Mozambique [31], Ho Chi Minh city [32], and the US [33] have addressed the use of IDF curves for generating flood scenarios for the disaster risk reduction domain.



The extreme WetBulb Globe Temperature (WBGT) methodology in South Korea was evaluated by [34] with respect to heat stress-related phenomena, using the annual maximum values. The authors of [35] developed a multivariate approach to create heat wave intensity, duration, and frequency (HIDF) curves that can help assess heat-wave properties. The suitability of these curves was demonstrated in different locations, and the impact of anthropogenic warming was also analyzed. For instance, in Los Angeles, CA, the proposed approach showed a more than 20% increase in the likelihood of a four-day heat wave (temperature > 31 °C). The authors of [36] introduced a new method to quantify heat waves based on the distribution of severity, duration, and frequency, including very low-probability events. They built a statistical model that represents the seasonal cycle, climate change, magnitude, and temporal behavior of all temperatures above a moderately high time-varying threshold. As for wind speed, the focus is now on the engineering design of large structures that require estimates of the extreme wind loads with very low annual probabilities of exceedance, corresponding to return periods of up to 3000 years [37]. Their results show that when annual maximum wind speeds are not stable, long-period return level extreme wind speeds tend to be underestimated.



The focus of this study is on Greece, which has experienced a significant number of hydrometeorological disasters over the past 30 years. According to the EMDAT database [30], there have been more than 55 such disasters recorded between 1990 and 2022, including mega-fires in Rhodos island and Evros area in the northeast, as well as the Thessaly flooding caused by Daniel and Elias medicanes in 2023. The latest report by the Intergovernmental Panel on Climate Change (IPCC) has identified the Eastern Mediterranean region as a climate change hot spot, with regional warming estimated to be about 20% above global means and reduced rainfall (IPCC AR6). Previous studies (e.g., [38,39]) have shown that Greece, as a northeastern Mediterranean country, has been experiencing extreme weather events over the past few decades, which are expected to intensify and/or become more frequent with climate change [40,41]. These natural hazards, such as intense heat waves and drought spells, extreme rainfall events, wildfires, and flash floods, pose significant risks to people’s health, infrastructure, economic activities, and many ecosystems.



Various methodological approaches have been proposed and developed in recent years for flood risk management projects and climate change impact studies in specific areas. For instance, an extreme flood risk scenario was developed in [42] for the urban area of Volos city, which was connected to the determination of three rainfall return periods and hydraulic/hydrological simulation models. However, the results were diverse due to the hydrologic conditions or the selected return period that was used. The authors of [43] developed a tool for effective monitoring of the status of the transportation network for the analysis of consequences of extreme weather conditions in the case of flooding of the city of Thessaloniki. The authors of [44] tested the hypothesis that the rainfall return period is equivalent to the flood return period for the design of hydraulic structures and found that the design storm approach significantly underestimated flood peaks. As a consequence, the inundation depths, flow velocities, and flood extent were also underestimated. Another approach presented by [45] was to construct IDF curves at an ungauged site under the assumption of a changing climate, applied at the study site of Fourni, Crete. Regarding the heat hazard, Ref. [46] assessed future variability in summer temperatures under different urban heat island (UHI) intensity regimes and deduced a large increase in the future frequency of extremely hot nights in the area of the National Observatory of Athens. Finally, a recent study of the multi-hazard approach in [47] has determined the occurrence of hazards due to climate change in Greece using high-resolution simulation data of 5 km in a very detailed assessment.



The evidence of climate change suggests that extreme precipitation events will become more intense, last longer, occur more frequently, and be distributed differently. Therefore, it is necessary to analyze these events in a non-stationary way to obtain more reliable and robust estimates for the most extreme part of the rainfall distribution. However, the lack of dense networks of short-duration rainfall observations in many parts of the world makes it difficult to construct IDF curves, which are essential for designing, analyzing, and managing infrastructure systems. This study aims to present an advanced methodology for constructing IDF-like curves that can account for sites with limited rainfall observations, while also considering the effects of a changing climate.



Based on [48,49], the potential scenarios associated with various natural hazards can differ in terms of their spatial and temporal scales. Therefore, it is crucial to take into account the duration and/or spatial aspect of these hazards to accurately assess the risks they pose. The main objectives of this work were as follows:



(a) To introduce a coherent framework to generate hazard scenarios by considering the three most significant elements: intensity, duration, and return periods (IDRP);



(b) To account for the impact of climate change using a common multi-hazard scenario encompassing different hazards such as heat stress, rainfall, winds, and wildfires. The scenario was to be based on common selection parameters, including probability of occurrence and duration, and will account for uncertainty;



(c) To validate the proposed framework, we assessed its effectiveness in Greek cities that have experienced significant extreme events and evaluated their evolution due to climate change.



The manuscript is structured as follows. In Section 2, you will find a detailed explanation of the methodology used, along with a brief description of how the high-resolution climate data were produced. This section also includes an overview of the study area. Section 3 is divided into subsections and presents the key findings of the methodology. It includes the results, a comparative analysis of IDRP curves under a changing climate for the case studies, and some interesting aspects per hazard/variable. Finally, in Section 4, you will find a summary of the results and concluding remarks.




2. Materials and Methods


The aim of this work was to develop a common methodological approach for analyzing multi-hazard scenarios using the intensity duration and return period (IDRP) analysis. IDRP is a flexible tool that can be used to (i) model extreme events that last for prolonged periods of time, (ii) consider uncertainty factors, and (iii) capture the impact of climate change. The proposed IDRP framework was demonstrated in Greece and is based on three different time frames;




	
Low-frequency events, rated 50 y RP (related to building performance [4,50]);



	
Twenty-year RP events (e.g., related to Floods Directive 2007/60/EC (http://data.europa.eu/eli/dir/2007/60/oj, accessed on 1 July 2023));



	
High-frequency events (5 y extremes) considering high-frequency extremes.








The study focused on estimating extreme hazard scenarios based on IDRP curves for three different return periods. These datasets were developed from historical long-term downscaled 25-year (1980–2004) time series of daily values of specific meteorological variables such as maximum and minimum temperature, precipitation, maximum wind speed, maximum snow depth, and fire weather index (FWI), as described in Section 2.1. It is worth mentioning that the specific range of the 25-year period was adopted for the study area based on the availability of continuous observational data formally validated by the Hellenic National Meteorological Service (HNMS) for the model assessment, presented in Section 2.3.



The same methodology was applied using downscaled future climate simulation datasets to project changes in the different return levels for the extreme representative concentration pathways (RCP) and two 25-year future time slices, for the near future 2025–2049 and the far future period 2075–2099. RCP8.5 is known as the most severe scenario, built on the assumption that the emissions rise during the 21st century, implying at its end a radiative forcing of 8.5 W/m2 relative to the preindustrial era [51].



2.1. IDRP Methodology


This study focused on creating extreme hazard scenarios, which were based on the representation of intensity–duration–return period curves shown in Figure 1. To begin with, it was necessary to collect all the relevant climate data required for this study, as illustrated in Table 1. These data were derived from high-resolution (5 km) climate simulations.



We took into account that a hazard was defined by the extreme values of a climatological parameter, such as maximum or minimum temperature or wind speed. To determine these values, we used a simulated 6 h time series over the examined period. We produced daily time series of maximum and minimum temperatures, precipitation, maximum wind speed, maximum snow depth, and the Canadian fire weather index (FWI) values. The FWI is a meteorologically based index used worldwide to estimate present fire danger and future risk. We calculated the FWI using the CFFDRS package of R statistical computing software (R studio 1.2.1335), which takes into account the daily values of maximum temperature, relative humidity, wind speed, and daily (total) precipitation [52].



For each location, ten different time series were created, representing ten different durations ranging from 1 day to 10 days. These durations were defined by the moving average, which ranged from one to ten consecutive days and was applied to the daily time series of each variable. It should be noted that for precipitation and snow, the duration was calculated based on moving cumulative values. Afterwards, for each duration, the extreme value analysis was applied using the 1-year block maxima method (annual maximum series) to determine the highest values for each year. This resulted in each year consisting of 10 pairs of duration and maximum intensity values.



Next, for each duration, the expected maximum return levels were calculated. These intensity values were determined for return periods of 5, 20, and 50 years, associated with their corresponding durations. The return level was considered as the magnitude of risk [34]. The estimation of the extreme values of these variables involved the application of extreme value theory based on the extreme value distribution, such as the generalized extreme value (GEV) distribution.



The GEV distribution has three parameters: the shape factor ξ, the scale or dispersion parameter σ, and the location or mode parameter μ. My denotes the random variable representing the annual maximum for year y. The GEV-distribution function, F(y), is given by (1):


     F   y   ( r )   = P     M   y   ≤ r     =   e x p     −      1 + ξ     r −   μ   y       σ   y           − 1 / ξ          



(1)







The GEV has three types depending on shape parameter ξ, which controls the tail behavior, as follows:




	
ξ = 0, GEV is known also as Type I Extreme Value Distribution (or Gumbel Distribution, light tail);



	
ξ > 0, GEV is known also as Type II Extreme Value Distribution (or Fréchet Distribution, heavy tail);



	
ξ < 0, GEV is known also as Type III Extreme Value Distribution (or Weibull Distribution, upper finite end point).








Intensity–duration curves were created to describe a hazard scenario by using the expected annual maximum return levels, intensity values, and their return periods throughout the duration of the event up to 10 days. To quantify the range of possible IDRP curve values generated in this study, confidence intervals (CIs) were calculated based on the estimation method of L moments [53] and the output of GEV distribution. A parametric bootstrap [54,55,56] was performed for historical and future IDRP curves to account for uncertainty.



The above methodology, which included data processing and application of extreme value analysis (EVA), was analyzed in the R environment (http://www.r-project.org/index.html (accessed on 12 November 2023)), using the R package “Extremes”.




2.2. Study Area


The proposed methodology was applied to eight different locations in Greece, as shown in Figure 2. These locations have varying representative climate conditions, including northern and southern regions, eastern and western regions, and continental and coastal regions, as described in Table 2. To obtain the daily historical and projected time series for each location, the closest model grid point of the inner domain (d02) to the HNMS station was used.



Alexandroupolis has a hot-summer Mediterranean climate (Köppen climate classification: Csa). It experiences hot and dry summers, and cool and wet winters. Corfu also has a hot-summer Mediterranean climate (Csa). It has hot and dry summers, and mild to cool and very rainy winters. Kastoria basin is characterized by mountainous topography with an elevation ranging from 620 to 2000 m. This causes variability in precipitation and temperature. The climate of Larissa is cold and semi-arid (Köppen: BSk) with some Mediterranean climate (Csa) characteristics. It has drier and particularly hot summers, and relatively wetter and cold winters. Thunderstorms during the summer months are sometimes heavy and may cause agricultural damage. At Ellinikón Airport, the summers are short, hot, dry, and clear. The winters are long, cold, windy, and partly cloudy. Methoni has a hot-dry summer Mediterranean climate (Csa) with mild winters. Precipitation falls mainly in the winter, with relatively little rain in the summer. Naxos experiences both a Mediterranean climate (Csa) and a hot semi-arid climate (BSh) depending on the location. Inland areas of the island are much wetter and cooler in winter, owing to their higher elevation. Siteia has a hot-summer Mediterranean climate (Csa) with hot, dry summers and mild, rainy winters.




2.3. Model Setup and Climate Projection


Τhe non-hydrostatic Weather Research and Forecasting model (WRF/ARW, v3.6.1) [57] was dynamically downscaled to produce high-resolution climate simulation datasets of 5 km horizontal resolution for the area of Greece. The model setup was composed of two domains, as depicted in Figure 3, in a one-way nesting as follows: a parent domain (as d01) centered in the Mediterranean basin at 42.5 N and 16.00 E, of 20 km horizontal resolution, and a high-resolution nested domain (d02) of 5 km in Greece. The physics parameterizations of the model setup are summarized in Table 3. The WRF model was forced by EC-EARTH [58,59] global climate simulations for the RCP8.5 scenario, providing initial and boundary conditions for the climate change assessment. The model ran for 3-time slices, representative of the historical (1980–2004), near future (2025–2049), and far future (2075–2099) periods, taking into consideration the yearly equivalent-CO2 concentration in the future projections.



It is worth noting that previous validation studies have confirmed the reliability of the downscaling process and the optimal model setup. These studies used sensitivity tests to compare the downscaled fields with the only available and validated meteorological data from the Hellenic National Meteorological Service (HNMS). The statistical results of these studies, specifically [66,67], showed that the high-resolution WRF model was capable of reproducing the climatological characteristics of the study area, particularly temperature and precipitation variables. The WRF model outperformed the coarse-resolution ERA-Interim and EC-EARTH models in a region with highly variable topographic characteristics. Similar results were found for the downscaled wind speed parameter, where the comparison between simulated wind speeds and observations did not show any significant discrepancies in the annual variations among the stations [68,69].





3. Results


3.1. Overview of the Applied Methodology


Our proposed methodology provides intensity–duration–return period curves for multi-hazard scenario assessment. This method produces different multi-hazard scenarios based on the estimation of the intensity of an extreme event, which correspond to a certain duration and a specific likelihood of occurrence derived from three different return periods. This approach can be applied to any hazard that is described by climate variables or indices and for different locations. For a selected duration and return period level, the intensity of extreme TX, TN, PR, WSx, and FWI can be found. Table 4 is an example that allows generating scenarios for extreme events with similar characteristics (duration and probability based on the 20-year return period, for the location of Kastoria and the historical period 1980–2004). This facilitates harmonized and coherent risk assessment according to the JRC [1].



Figure 4 displays the estimated IDRP curves of various weather conditions such as TX, TN, PR, WSx, SNx, and FWI for Kastoria during the historical period of 1980–2004. It is important to note that only Kastoria has extreme snowfall IDRP curves estimated since the amounts are almost negligible for other locations. Each estimation is represented by an uncertainty bound (99% confidence intervals for each IDRP curve), which is illustrated by the corresponding colored area in each figure. The uncertainty ranges increase as the return periods increase [54,55,70], and the largest uncertainty is associated with the estimation of the greatest return period (50 years), as expected.



In Section 3.2, we will discuss future risk assessment. To estimate the IDRP curves for future periods, we considered two different time frames: near and far future. The left column of the IDRP curves represents the historical period, while the next two columns represent the near and far future periods. We cannot rely solely on the historical period to assess future risk, as the nature of risk changes over time. Therefore, we applied the same curves to study how extreme events can be affected by climate change. In Figure S5a,c for TX, we can see that the intensity of TX is progressively increasing in the case study of Larissa. For example, an intensity of 40 °C with 5 days of duration in the historical period is expected to change to an intensity of 47 °C with the same duration in the far future period, with a likelihood of a 50-year return period. The confidence intervals (CIs) vary depending on the hazard examined and the historical and future periods. For instance, CIs are larger in the near future period for TN than those in the historical or far future periods, and larger in the far future for FWI in the case study of Alexandroupolis. Due to space limitations, we present only one case study here as a demonstration area of the methodology: Siteia. The corresponding plots of the rest of the case studies can be found in the Supplementary Materials.



The analysis in this work involved studying extreme events and their characteristics in the future, which could be attributed to internal hazard dynamics. The IDRP curves showed different gradients among the historical, near, and future periods concerning the variable and location, thereby showcasing different durations of the extreme values. Changes were also observed in the maximum value of the intensity between the different periods. For instance, in Methoni, the highest-intensity value of FWI in the 50-year IDRP curve lasted for 1 day, whereas in the near-future period, the maximum value persisted for 3 days. Moreover, the maximum intensity values varied from ~120 in the historical period to ~260 in the near future and ~320 in the far-future periods, indicating potential increases in the maximum value of the extreme variable in the future. Similarly, in the case of Siteia, the IDRP curve showed that high-intensity precipitation events lasted no longer than 2–3 days in the historical period, but the intensity and duration increased rapidly in the near future (see Figure 5a,b for PR). To highlight these phenomena, the analysis involved distinct subsections based on the examined variable, aiming to point out the most important results.




3.2. Analysis of Multi-Hazard Scenarios under Climate Change


The discussion was broadened to include a comparative analysis of the IDRP curves related to extreme events between historical and future periods for each variable. Additionally, some general aspects that arose for the three case studies presented here were also explored. Specifically, the impact of climate change on the selected case studies can be summarized as follows:




	
There was an increase in the intensity of TX values in both future periods when compared to historical data. However, there was also a reduction in TX values over time, although this resulted in a shift towards prolonged heat that is expected to continue until the end of the 21st century.



	
An observable flattening of TX curves for the hottest days suggests highlighting heat waves.



	
It was observed that the highest intensity of TX value lasted for 1 day in the far future, with a significant increase compared to the reference period’s 1-day value and a prolonged duration of high TX.



	
It was observed that in TN, lower intensities were noticed in large return periods, while a higher intensity was observed in the smallest duration of 1 day. Additionally, TN’s intensity seemed to have lower changes and variability among historical and future periods, as well as among different return periods in terms of IDRP curves. In some cases, TN shifted to higher-intensity values, which implies colder extreme events (lower values of TN) in the near future period.



	
Precipitation intensity increased with duration in the near future (mainly under 50-year RP) and decreased in the far future.



	
Extreme winds typically lasted no more than 1 day and showed low variability.



	
FWI values varied in duration up to 3 days, and the curves for 20- and 50-year RPs differed slightly based on duration.













	(a) 

	
The case study of Siteia









In the Siteia case study (Figure 5), there was a noticeable increase in TX intensity values in the far future. The behavior of TN’s IDRP curves was similar to that of Kastoria (Figure S3) in the near future, indicating a small increase in cold extreme events of short duration compared to other periods. Additionally, the 20- and 50-year IDRP curves did not vary in the far future compared to the historical period. Regarding rainfall extreme events, the worst-case scenario of a 50-year IDRP curve estimated an extreme rainfall of 125 mm of 3-day duration in the historical period. However, in the far future, there was a progressive increase in intensity and duration of extreme precipitation, yielding 175 mm in 5 days. In the far future, the precipitation’s intensity decreased almost to the levels of the historical period. High-intensity values of maximum winds varied between 20 and 24 m/s, with a duration of 1–2 days during all periods and a reduction in duration. Additionally, there was a shift towards higher WSX values of the 5-year curve in the far future. Regarding fire weather danger, the extreme values of FWI were related to 1-day duration and increased in the historical period in the range of 100–230 to 200–270 in the near and far future periods, respectively.
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Figure 5. Intensity–duration–return period curves of the examined variables for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for Siteia. The colored areas illustrate the 99% confidence intervals for each return period. 
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3.3. Maximum and Minimum Temperature


In this section, we discuss the impact of IDRP curves on extreme temperatures in specific locations, as shown in Figure 6 for TX and Figure 7 for TN.



In Alexandroupolis, we observed an increase in both future periods and intensity estimates, indicating progressively hotter temperatures in the far future. We also noticed that the curvature of all IDRP curves flattened in the historical period after a 7-day duration and changed compared to the near future, indicating more persisting high temperatures. Additionally, the difference among the different return period curves amplified in the future. In the case of Larissa, the increase in the intensity values of TX was the highest among the other locations in both future periods. Please note that the range of TX values goes up to 60 °C on the y-axis. The Larissa location showed the highest intensity (1-day duration) of around 50 °C and the most prolonged heat (up to 10 days) in the far future with at least 41 °C (in 5-year RP) and 45 °C (in 50-year RP). Moreover, an interesting exception is that of Methoni, where the intensity of extreme heat of rare events (1 day) reduced in the far future (lower than 44 °C) compared to the near future in what concerns the 100-year RP. In addition, intensity values were amplified among the different IDRP curves in the near future.



In Naxos, we observed the most intense events based on the 20- and 50-year IDRP curves for a duration of 1 day. Similarly, a higher intensity in Siteia was also observed for 1 day, but the IDRP curves flattened rapidly compared to other locations.



When it comes to the extremes TN, all case studies revealed a projected increase of cold spells in the near future in various locations such as Alexandroupolis, Corfu, Kastoria, Naxos, Methoni, Larissa, Elliniko, and Siteia. This would result in colder conditions, as shown in Figure 7 for Elliniko and Kastoria. However, in the far future, a shift to warmer values was observed compared to the historical and near-future periods, especially when observing the IDRP curve of a 50-year return period. In the far future, the representation of 20- and 50-year IDRP curves showed an almost identical performance. The thinner ranges of Cis observed in the far future in Figure 7 could imply that a notable increase in minimum temperature is highly likely. This is because narrow Cis imply low variability of the estimated annual maximum values of the examined hazard [71].




3.4. Wind Speed


It was observed that in all IDRP (intensity–duration–return period) curves, there was no significant variation of wind speed after a duration of 5–6 days. The curves became almost flat and, in some areas, the 20- and 50-year IDRP curves yielded similar intensities of extreme winds with small deviations. In the near future, a small increase in the intensity of wind speed is projected in Corfu and Naxos (Figures S2b and S7b, included in the Supplementary Materials), while in Alexandroupolis (Figure 8c), the winds are projected to progressively reduce compared to the historical period. For the three examined return periods, high-intensity values of extreme winds are estimated to last mostly up to 1 day, with a few exceptions. For instance, Alexandroupolis in the far future is projected to have 2 days of high-intensity wind speed in the 50-year IDRP curve. The intensity of extreme winds on the 50-year IDRP curve decreases after a duration of 7 days. It was also observed that there is a geographical dependence of areas (Figure 8). For example, higher-intensity wind speed was estimated in Alexandroupolis than in Elliniko. No notable discrepancies were found among the 20- and 50-year IDRP curves in the case of the latter. Furthermore, larger values of the estimated confidence intervals were observed in the case study of Alexandroupolis than in Elliniko. This could be attributed to the sampling variability of the first area.




3.5. Precipitation


Several areas, as depicted in Figure 9, are projected to experience a significant increase in precipitation in the near future, with variations among the three different return periods (Corfu, Kastoria, Elliniko, Alexandroupolis, Methoni, Siteia). This increase is justified by the changing seasonal and annual precipitation patterns observed in these areas discussed in Politi et al.’s 2022 study [54]. However, all areas are projected to experience a reduction in precipitation in the far future. For instance, in Siteia, the intensity value for a 2-day duration is estimated to be around 140 mm in the near future, while it is expected to decrease to about 100 mm in the far future. Furthermore, the historical data show that the highest amount of precipitation is expected to fall within a duration of 2 to 4 days. In the case of Alexandroupolis, more extreme rain events are predicted to occur in the far future but with shorter durations compared to the near future period. The IDRP curves of Alexandroupolis in the near future seem to stabilize after 4 days, while those of Methoni and Siteia show an increasing trend. In the near future, Kastoria is expected to experience extreme precipitation of 160 mm within 3 days, based on the 50-year IDRP curve and 110 mm for the 20-year IDRP curve. These amounts will notably decrease in the far future. In general, the estimated confidence intervals (Cis) also vary in different time periods and areas.




3.6. Fire Weather Index


It is interesting to note that in the case of Siteia, while the highest FWI intensity values were obtained with a 1-day duration in the historical and near future periods (Figure 10a,b), the situation changed in considering the far future, particularly in the 50-year IDRP curve. This curve shows a persisting duration of 4 days with higher FWI values (180). A similar trend is observed in the case of Corfu, where there is an increase in the duration of extreme fire weather in the far future. Additionally, there is a notable increase in intensity (change of more than 100 units of FWI intensity values) and duration in Methoni for both future periods, along with large Cis in both periods.





4. Conclusions


The purpose of this work was to introduce an advanced and comprehensible methodology that can be used to evaluate the risk occurrences of different extreme events in both historical and future periods. The approach was designed to create IDRP curves that can assess multi-hazard scenarios associated with various climate hazards such as heat waves, cold waves, wildfires, extreme precipitation, and wind. The methodology considered the three most significant characteristics of these hazards: intensity, duration, and return periods. These characteristics are commonly used to describe and characterize extreme events that may vary across spatial and temporal scales.



The proposed approach can be practically applied to one or multiple geographic locations or regions that have diverse climate conditions. This approach can help assess their vulnerability to climate change by studying the behavior of extreme events. The IDPR curves can represent extreme scenarios, and the respective extreme event can be assessed by its persistence. Additionally, it can be quantified by how extreme it could potentially be.



The analysis showed how IDRP curves can change over time and space, leading to different interpretations of extreme events under a changing climate in Greece. For instance, in the case of the fire weather index (FWI) in Siteia, the curves amplified in the far future, indicating prolonged and more intense fire weather danger conditions. Moreover, the curves’ behavior varied depending on the hazard represented, as deduced from the comparison between minimum temperature (TN) and maximum precipitation (PR) in all cases studied. Additionally, the diversity in the IDPR curves’ behavior, which varied significantly among historical and future periods, in some variables due to climate change, such as the increase of extreme precipitation with longer duration in the near future, indicates the effect of internal hazard dynamics.



The significance of this work lies in its multidimensional approach, which is based on the IDRP curves. It takes into account not only historical information but also future climate risks for the first time. The proposed multi-hazard extreme scenario methodology can be applied to any geographic area or region, provided that continuous and reliable climate datasets are available. We have not identified any potential barriers to the presented approach. According to the World Meteorological Organization (WMO) [72], different countries have adopted different theoretical distributions as standard models for flood and/or rainfall frequency analysis. Therefore, the selection of the best-fitted theoretical distributions in extreme values should be primarily examined depending on the variable and location [44]. Further analysis of the extremes in terms of distributions could be applied by considering multivariate distributions in future investigations, as in [73]. Moreover, future investigations could involve the consideration of compounding among multiple hazards. The applied methodology could be expanded not only spatially but also to include several indices related to socioeconomic sectors, water and energy resource management, and tourism. These sectors would be severely impacted by severe extreme climate hazards, affecting the exposed populations directly and/or indirectly.



In conclusion, the above methodology can provide an estimation of potential extreme events that may arise from different climate variables, based on the quantification of intensity, duration, and return period characteristics. This estimation can be made in the context of different climate change scenarios and for a certain area. By considering these characteristics, we can configure the risk level and understand how it may change in the future. This information can be used to obtain more comprehensive estimates that can be considered by civil protection, policy makers, and relevant stakeholders in the design of risk reduction and preparedness plans. Therefore, the estimation of extreme events based on the quantification of different multi-hazard scenarios can offer a more complete overview of the future risk. This can help in designing and reconsidering adaptation strategies for the development and implementation of effective policies towards more sustainable and resilient societies and ecosystems.
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Figure 1. Conceptual workflow for the representation of extreme hazard scenarios. 
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Figure 2. Locations of the nearest grid point to the studied weather stations with elevation. 
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Figure 3. Modeling domains: d01 refers to the outermost domain of 20 km and d02 to the nested domain of 5 km (region of Greece). 
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Figure 4. Historical estimates of intensity–duration–return period curves of the examined variables (a) TX, (b) TN, (c) PR, (d) WSx, (e) FWI, and (f) snow for 5-, 20-, and 50-year return periods, for Kastoria. The colored areas illustrate the 99% confidence intervals for each return period. 
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Figure 6. IDRP curves of TX for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for indicative locations. The colored areas illustrate the 99% confidence intervals for each return period. 
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Figure 7. IDRP curves of TN for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for indicative locations. The colored areas illustrate the 99% confidence intervals for each return period. 
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Figure 8. IDRP curves of WSx for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for indicative locations. The colored areas illustrate the 99% confidence intervals for each return period. 
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Figure 9. IDRP curves of PR for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for indicative locations. The colored areas illustrate the 99% confidence intervals for each return period. 
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Figure 10. IDRP curves of FWI for 5-, 20-, and 50-year return periods, during (a) the historical period (1980–2004), (b) near future period (2025–2049), and (c) far future (2075–2099) for indicative locations. The colored areas illustrate the 99% confidence intervals for each return period. 
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Table 1. Collection of climate simulation daily data for the purpose of the study.






Table 1. Collection of climate simulation daily data for the purpose of the study.





	Variables (Description)
	Extreme Parameters
	Duration Calculation





	Maximum temperature
	TX
	Average



	Minimum temperature
	TN
	Average



	Precipitation
	PR
	Sum



	Maximum snow
	SNx
	Sum



	Maximum wind speed
	WSx
	Average



	Fire weather index
	FWI
	Average










 





Table 2. Location of the HNMS station and model grid coordinates for this study.






Table 2. Location of the HNMS station and model grid coordinates for this study.





	Stations/Location
	Longitude
	Latitude
	Height (m)
	WE
	SN
	HGT (Model)





	Alexandroupolis
	25.917
	40.85
	4
	118
	149
	10.1201



	Corfu
	19.912
	39.603
	1
	21
	114
	6.96835



	Elliniko Airport
	23.7333
	37.8877
	10
	89
	81
	117.431



	Larisa
	22.417
	39.65
	73
	63
	117
	79.4701



	Naxos
	25.383
	37.1
	9
	119
	67
	107.592



	Methoni
	21.7
	36.8333
	34
	56
	56
	35.8098



	Siteia
	26.095
	35.205
	30
	136
	28
	109.665



	Kastoria Airport
	21.28
	40.45
	660.95
	43
	133
	656.411










 





Table 3. Description of physical parameterization for the WRF model.
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Physics Parameterizations






	
Microphysics scheme

	
WSM6, Hong and Lim 2006 [60]




	
Long-wave radiation scheme

	
RRTMG, Iacono et al. 2008 [61]




	
Short-wave radiation scheme

	
RRTMG, Iacono et al. 2008




	
Planetary boundary layer scheme

	
MYJ, Janjic 2001 [62]




	
Surface layer

	
MO, Mellor and Yamada 1982 [63]




	
Cumulus scheme

	
BMJ, Betts and Miller 1986 [64]




	
Land surface model

	
NOAH, Chen and Dudhia 2001 [65]











 





Table 4. Intensity values for TX, TN, PR, WSX, SNX, and FWI for Kastoria, as estimated for the 20-year return period.






Table 4. Intensity values for TX, TN, PR, WSX, SNX, and FWI for Kastoria, as estimated for the 20-year return period.





	
RP20

	
Duration (Days)




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10






	
TX (°C)

	
37.23

	
36.79

	
36.28

	
35.79

	
35.23

	
34.78

	
34.52

	
34.39

	
34.17

	
33.91




	
TN (°C)

	
15.75

	
15.09

	
14.07

	
13.17

	
12.21

	
11.65

	
10.99

	
10.38

	
9.96

	
9.62




	
PR (mm)

	
31.80

	
42.16

	
48.59

	
53.28

	
57.32

	
59.90

	
65.05

	
69.32

	
71.52

	
74.32




	
WSX (m/s)

	
22.04

	
19.14

	
16.86

	
15.17

	
13.93

	
12.84

	
12.32

	
11.97

	
11.52

	
11.13




	
SNX (mm)

	
12.42

	
17.37

	
21.09

	
25.07

	
30.04

	
30.98

	
32.60

	
32.79

	
34.53

	
37.71




	
FWI

	
78.23

	
63.44

	
57.28

	
53.70

	
51.70

	
50.13

	
48.36

	
46.66

	
45.71

	
44.82
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