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ABSTRACT 

 

 

CLIMATE CHANGE EFFECTS ON THE REGIONAL SEAS OF 

TÜRKİYE FOCUSING ON PROJECTED EXTREME SEA LEVEL 

AND COASTAL FLOODING IN THE BLACK SEA 

 

 

Sea-level rise driven by climate change significantly threatens coastal regions by 

increasing flooding and erosion, impacting ecological, social, and economic systems. The 

main objective of this study is to analyze future total water levels (TWL), tidal elevations 

(TE), and storm surge (SS) in the regional seas of Türkiye, and project extreme sea levels 

(ESL) in the Black Sea under climate scenarios until 2100. This study presents the first 

dynamic shoreline-based modeling for the Black Sea, enhancing the spatial accuracy of flood 

projections. A novel contribution is the dynamic shoreline-based modeling approach, 

updating shoreline positions and slopes at each simulation step for both spectral wave 

modeling and wave runup computations. Using regional climate model (RCM) outputs from 

CMIP5 datasets provided by the Copernicus Climate Change Service (C3S), the 

methodology involved statistical analysis, spectral wave modeling (2071–2100), wave runup 

computations, ESL estimation, and flood mapping. Statistical analysis quantified trends and 

extremes in TWL, TE, and SS. Wave projections were generated using the SWAN model 

calibrated with regional wind data by comparing annual mean wave characteristics against 

ERA5 datasets. Wave runup was calculated with empirical formulas, integrating spatial 

slopes and wave projections for ESL determination. ESL values were propagated inland to 

delineate flood extents along the Black Sea coast. The results showed that extreme TWL is 

projected to rise up to 920 mm along the Ukrainian Sea of Azov and 440 mm along the 

Romanian Black Sea coast by 2100. The southwestern Azov Sea shows the highest SS rise 

(590 mm), while the north may see reductions up to 480 mm. The 99th percentile significant 

wave height is expected to rise up to 20%. Under extreme conditions, wave runup reaches 

4–6 m between Zonguldak and Sinop, and exceeds 5 m near southeastern Crimea. ESL-

based flood mapping shows a 640 km² increase in inundation compared to TWL-based 

extents under average conditions, mainly over low-lying deltas in Romania and Ukraine.   



iv 

ÖZET 

 

 

KARADENİZ'DE ÖNGÖRÜLEN AŞIRI DENİZ SEVİYESİ VE KIYI 

TAŞKINLARINA ODAKLANARAK TÜRKİYE'NİN BÖLGESEL 

DENİZLERİ ÜZERİNDEKİ İKLİM DEĞİŞİKLİĞİ ETKİLERİ 

 

 

İklim değişikliğine bağlı deniz seviyesi yükselmesi, kıyı bölgelerinde su baskını ve 

erozyonu artırarak ekolojik, sosyal ve ekonomik sistemleri etkilemektedir. Bu çalışmanın 

amacı, Türkiye’nin bölgesel denizlerinde gelecekteki toplam su seviyesi (TWL), gelgit (TE) 

ve fırtına kabarması (SS) koşullarını analiz etmek ve 2100 yılına kadar Karadeniz için aşırı 

deniz seviyesi (ESL) projeksiyonları üretmektir.  Özgün katkı olarak, hem spektral dalga 

modeli hem de dalga tırmanışı hesaplamalarında her zaman adımında kıyı çizgisi ve eğimin 

güncellendiği dinamik kıyı çizgisi tabanlı modelleme yaklaşımı sunan bu çalışma, Karadeniz 

için yapılan ilk dinamik kıyı çizgisi tabanlı modeli sunmakta ve projeksiyonların mekânsal 

doğruluğunu artırmaktadır. Copernicus İklim Değişikliği Servisi tarafından sağlanan CMIP5 

veri setine ait bölgesel iklim modeli çıktılarıyla istatistiksel analiz, spektral dalga 

modellemesi (2071–2100), dalga tırmanışı hesaplaması, ESL belirlemesi ve taşkın 

haritalaması yapılmıştır. Analizler TWL, TE ve SS bileşenlerinin eğilimlerini ortaya 

koymuştur. Dalga projeksiyonları, yıllık ortalama dalga özelliklerinin ERA5 ile 

karşılaştırılmasıyla, bölgesel rüzgar verileri kullanılarak kalibre edilen SWAN modeliyle 

elde edilmiştir. Dalga tırmanışı, eğim ve dalga projeksiyonlarının entegre edildiği ampirik 

formüllerle hesaplanmış, ardından ESL değerleri kıyıdan iç kesimlere yayılmıştır. Ekstrem 

TWL’nin 2100 yılına kadar Azak Denizi’nin Ukrayna kıyılarında 920 mm’ye, Karadeniz’in 

Romanya kıyılarında ise 440 mm’ye kadar yükselmesi beklenmektedir. Güneybatı Azak 

Denizi'nde SS artışı 590 mm’ye ulaşmakta, kuzey kıyılarda ise 480 mm’ye varan azalma 

öngörülmektedir. aşırı dalga yüksekliği batı ve orta Karadeniz’de %20’ye kadar artmakta, 

maksimumlar 4.0 m’ye ulaşmaktadır. Aşırı koşullarda dalga tırmanışı Zonguldak-Sinop 

arasında 4–6 m'ye, güneydoğu Kırım kıyılarında ise 5 m'nin üzerine çıkmaktadır. ESL 

tabanlı haritalar, ortalama koşullarda TWL’ye göre yaklaşık 640 km² ek taşkın alanı 

göstermekte, özellikle Romanya ve Ukrayna’daki alçak kotlu deltaları etkilemektedir.   
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1.  INTRODUCTION 

 

 

1.1.  General 

 

Climate change has been the focus of the scientific world for many years. Recently, it 

has become a phenomenon that has attracted the attention of politicians, people, and the 

media. In other words, not only the studies of scientists on climate change but also the 

measures to be implemented in this regard have begun to be considered. Consequently, all 

disciplines are required to act together to control the effects of climate change. Regarding 

these concerns, Integrated Assessment Models (IAM) have been developed to establish the 

link between decision-makers and scientists (Hasselmann, 1997; Weber et al., 2005; 

Hasselmann, 2009; Giupponi et al., 2013; Hasselmann, 2013; Hasselmann and Kovalevsky, 

2013; Kovalevsky et al., 2015). 

 

Due to the necessity of high reliability in these integrated models, the number of 

parameters and variables increases. Consequently, these models become more complex. 

However, the main purpose of these models is to create a simple link between scientists, 

engineers, economists, sociologists, and policy-makers. Hasselmann and Kovalevsky (2013) 

suggested that a hierarchy system consisting of modules for each component (climate, 

environment, socio-economic system, policy, etc.) can be utilized to keep an IAM simple. 

Thus, each module of an IAM can be reliable and give detailed projections while its 

connections with the other are kept simple. 

 

As Hasselmann and Kovalevsky (2013) indicated, the main purpose of the IAMs is to 

model climate change and its effects in the best and simplest way possible. The simplest way 

refers to the links between modules, whereas the best way refers to projecting climate change 

effects properly. For this purpose, the professionals responsible for each module should 

accurately conduct their work, but keep the information chain between modules as simple 

and understandable as possible. The scenario prediction in Hasselmann and Kovalevsky 

(2013) is the link between scientists and policy-makers. For the assessment of coastal 

hazards, climate system information obtained by scientists should be implemented on coasts 

by engineers before the information is delivered to policymakers. Hence, if one expands the 
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scenario prediction link, it is understood that more professions are required to simplify the 

IAM system. 

 

For many years, the Intergovernmental Panel on Climate Change (IPCC) and many 

other scientists have studied the causes and future of climate change. Its impacts on changes 

in sea level, sea water temperature, wind patterns, precipitation, evaporation, area of ice 

coverings, current patterns, wave characteristics, TE, SS, and extreme event frequencies 

have been studied in detail. These variables are mandatory for assessing the future of coastal 

areas, and each one is quite complex to model. Considering all the variables and their 

interactions with each other, it is very time-consuming to dynamically and realistically 

model the future projection of coastal areas. On the other hand, it is necessary to make the 

most accurate future projections for coastal adaptation and migration. Furthermore, these 

variables vary both in time and space. At this point, the best way is to choose the most 

important and effective variables in a study area and investigate them, considering their 

impacts on each other. 

 

The assessment of country-scale and/or basin-scale flood hazards for the future 

diminishes the stress on the economy, policy-makers, and people living in coastal areas and 

also creates time to decide on coastal adaptation strategies in advance. Identifying the most 

critical seas and coasts at a subregional scale and investigating these coasts help prevent 

disasters. After assessing the future of a coastal area, it is necessary to analyze and interpret 

the model results according to the characteristics of the study area. Thus, a comprehensive 

prediction of the coastal flood hazard extent of a specific area can be identified, and flood 

hazard maps can be prepared to guide decision-makers. Knowing the most critical coasts, 

obtaining coastal flood hazards in the long run, and realizing the role of coastal features 

enhance the accuracy and feasibility of the adaptation measures. 

 

Türkiye is surrounded by four seas, namely the Eastern Mediterranean, Aegean, 

Marmara, and Black Seas. The study area covering the regional seas of Türkiye is called the 

subregion since it is located at the intersection of six CORDEX (Coordinated Regional 

Downscaling Experiment) domains (Figure 1.1). Considering that these seas have also coasts 

to 13 countries, assessing their future for climate change is of great importance not only for 

Türkiye but also for these countries. It is, therefore, important to investigate the impact of 
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climate change on these seas and the roles of different contributors to TWLs. There are some 

global and regional studies (Muis et al., 2016; Vousdoukas et al., 2017; Melet et al., 2018; 

Muis et al., 2020) that address different contributions. However, these studies either have a 

coarse resolution due to global circulation model (GCM) outputs or fail to discuss smaller 

seas due to insufficient data points. Therefore, a subregional scale study can significantly 

contribute to the existing literature. 

 

 

Figure 1.1.  The study area: (a) the intersection of the six CORDEX domains, (b) data 

points, and (c) bathymetry obtained from the General Bathymetry Chart of the Ocean 

(GEBCO, 2024), adapted from Uzun and Otay (2025). 
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1.2.  Literature Review 

 

The growing concerns surrounding climate change have moved beyond academic 

circles and become a focal point for governments, media outlets, and the broader public. 

This shift reflects an increasing recognition of the pressing need to tackle climate-driven 

challenges. Among the most significant of these is the anticipated rise in sea levels, a gradual 

yet far-reaching consequence of climate change that poses varying risks across different 

regions. These risks threaten not only natural coastal environments but also the economic 

stability and social fabric of communities. As such, projecting future sea-level conditions is 

vital for assessing the likelihood and intensity of potential coastal hazards. When examined 

at finer spatial scales, sea-level trends offer critical insights that can ease pressures on 

vulnerable coastal zones and support the proactive development of adaptive strategies. 

Targeting areas likely to experience rising TWL and exploring their vulnerabilities allows 

for better preparation, potentially reducing disaster impacts. This also enables more precise 

and effective planning by prioritizing hot spot coastlines and estimating future extremes in 

water level conditions. 

 

Considering these growing concerns, the following sections present a detailed review 

of key topics, including climate change, regional sea-level trends, the influence of sea-level 

rise on extreme events, coastal flood hazard assessments, strategies and needs for adaptation 

and migration, and the specific characteristics of Türkiye’s regional seas, reflecting the 

increasing depth and intensity of research in these areas. 

 

1.2.1.  Climate Change 

 

According to IPCC (2007), global warming has been rising at an increasing rate. The 

increase in air temperature causes changes in ice cover, precipitation, evaporation, wind 

patterns, and, consequently, sea level. Changes in wind patterns and sea levels affect the 

magnitude and frequency of storms, wave characteristics, and current patterns. 

 

The increase in temperature has been attributed mostly to greenhouse gas (GHG) 

emissions, which have been rising since pre-industrial times. Considering the current 

situation in the world, it is expected that GHG emissions and temperature will continue to 
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increase without climate change mitigation policies and sustainable development. The rate 

and amount of this increase have been estimated for years according to different GHG 

emission scenarios. 

 

The future increase in temperature varies regionally. The Earth’s northern hemisphere 

will face greater temperature rises compared to its southern hemisphere (IPCC, 2007). 

Especially towards the North Pole, the increase in temperature is higher. Different sectors 

and systems will respond differently to the impact of the temperature rise. Temperature rise, 

together with sea level rise (SLR) and extreme weather intensification, affects coastal areas, 

especially low-lying ones. When rapid urbanization and economic developments are 

considered, coastal vulnerability and adaptation must be urgently investigated. The worst 

part is that even if GHG emissions are controlled, the impacts of climate change may grow 

for decades. The reason is that climate processes need a long time to respond to changes in 

GHG emissions (Hinkel and Nicholls, 2020). 

 

The chain reaction created by GHG emissions can be summarized as shown in Figure 

1.2. Increased GHG emissions cause an increase in atmospheric temperature. This increase 

in temperature affects evaporation, melting of ice and snow, sea surface temperature, and 

atmospheric pressure. Changes in atmospheric pressure affect wind characteristics. Changes 

in evaporation, melting of ice and snow, sea surface temperature, precipitation, and river 

runoff cause SLR. In addition, SLR causes a change in tidal range. Wave characteristics and 

SS are affected by SLR, changes in tidal range, and wind. As a result of this climatic process, 

ESL, consisting of SLR, tidal range, SS, and wave, increases. 

 

The projected global mean SLR rise following the predicted increase in surface 

temperature is shown in the IPCC report (IPCC, 2007) for the different GHG emission 

scenarios. Towards the end of the 21st century, global SLR will accelerate. Due to the 

regional variations of the SLR, it is estimated that worldwide around 70% of coastlines will 

experience a sea level change of ±20% of the global average. The heightened awareness of 

climate change underscores the urgency of addressing climate-related issues and has led 

scientists to diligently study climate change, covering its causes (IPCC, 2021), impacts 

(IPCC, 2022a), and potential solutions (IPCC, 2022b). 
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Figure 1.2.  The climate change process chart (Orange, green, and yellow boxes represent 

the indirect input, direct input, and output variables of this study, and black and red arrows 

represent the relations that are analyzed in the previous studies and this study, 

respectively.). 

 

1.2.2.  Regional Sea Level Changes 

 

Regional sea level (RSL) changes result from spatial variations in the climate, vertical 

land movements, and melting ice mass redistributions (IPCC, 2019). While examining local 

climate change impacts, RSL should be taken into account. In this regard, it is important to 

use regional circulation models (RCMs) instead of GCMs to account for the location 

dependency. That is because GCMs have insufficient resolutions and cannot capture the 

regional features as accurately as RCMs for RSL change studies. Therefore, many studies 

have used multiple methods to achieve a high-resolution RSL analysis. Cui et al. (1995) 

studied a statistical downscaling method to obtain RSL changes and applied it to the 

Japanese Islands. The results showed that better model resolutions and regional 

considerations are significant to local studies. Using a dynamical downscaling method, 
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Olbert et al. (2012) highlighted the importance of high-resolution global and nested regional 

models. Slangen et al. (2023) highlighted the importance of accounting for distinct regional 

contributions, such as ocean mass redistribution and steric changes, when producing accurate 

sea-level projections, reinforcing the need for physically resolved models in coastal-scale 

assessments. Wang et al. (2025) reconstructed long-term sea level changes and showed that 

regional variability is strongly influenced by large-scale climate patterns, emphasizing the 

importance of considering regional climate signals when evaluating sea level trends. 

 

Some studies have also examined the local effects at the country scale. Johansson et 

al. (2014) combined large-scale and local SLR, including vertical land movement and 

melting ice mass, to assess the Finnish mean sea level (MSL) scenarios. Brunnabend et al. 

(2015) and Brunnabend et al. (2017) investigated changes in extreme RSL due to ocean mass 

distributions and local steric effects, including thermal and salinity effects. They found that 

worldwide ocean mass distributions were almost uniform, whereas steric effects varied 

significantly in different coastal regions, showing the impacts of regional features. Carvalho 

and Wang (2019) studied the sea level changes in the Indian Ocean and coastal flooding due 

to global warming. Sea surface temperature, air temperature, and vertical land movements 

were considered. They used a statistical method and a bathtub model to assess the RSL 

changes and inundation mapping, respectively. They did not consider the dynamic nature of 

the components of coastal flooding because the bathtub model works by controlling the 

wet/dry state of the land area. Gonzalez et al. (2025) further dissected regional sea-level 

trends in the Mediterranean by decomposing steric and dynamic components, revealing that 

salinity-driven mass changes and circulation patterns significantly influence regional sea-

level variability under high-emission scenarios. 

 

All studies have proven that RSL change is more accurate at regional, local, and coastal 

scales. Thus, while projecting future events and conditions, RSL variations of the study area 

should be considered rather than the global sea level change. 

 

1.2.3.  The Effects of SLR on Extreme Events 

 

While investigating ESL events, wave characteristics, TE, and SS are crucial to 

estimating total changes in local sea level (IPCC, 2019). Changes in water level and wind 



8 

pattern affect these hydrodynamic variables (Arns et al., 2015; Vousdoukas et al., 2017), 

which construct the ESL. Arns et al. (2017) found that waves and storm tides are highly 

correlated with SLR, especially in shallow coastal areas. They concluded that it is necessary 

to combine wave characteristics, SS, TE, and sea level anomalies. Boumis et al. (2023) 

additionally emphasized that present-day 100-year sea level events could occur every 9–15 

years globally by mid-century due to SLR, especially under high-emissions scenarios. 

 

In Figure 1.3, the contributors to ESL are shown. SLR affects tidal dynamics because 

tides propagate as shallow-water waves, which are sensitive to changes in water depth. 

Changing water depth alters the tidal wave speed (Dean and Dalrymple, 2001; Wilmes et al., 

2017; Muis et al., 2020) and modifies basin resonance characteristics (Pickering et al., 2012), 

which can amplify or dampen tidal amplitudes. Another component of ESL is SS, including 

wind setup, barometric tide, and Coriolis tide in the order of decreasing contribution 

percentage. In Figure 1.3, barometric and Coriolis tides are not shown because they have 

smaller effects compared to the SS and wave setup (Dean and Dalrymple, 2001). Wave setup 

is separately shown because, depending on the work, SS may not contain the wave setup 

component. Under hydrostatic (steady-state) and one-dimensional considerations, SS is 

proportional to the square of the wind speed at 10 m above the sea surface. Assuming 

monotonically decreasing depth in the shoreward direction, using shallow water asymptote 

and the spilling breaker assumptions, wave setup is also proportional to the wave height 

(Dean and Dalrymple, 2001). Hence, one can factor in both global and local impacts by 

examining coastal flood hazards using ESL. Zhou and Wang (2024) recently highlighted 

that compound extremes, such as concurrent heatwaves and ESL events, are projected to 

occur on average 38 days annually by 2049 under high emissions, amplifying risk along 

densely populated coasts. 

 

There are many studies regarding the aforementioned relations. Albert et al. (2016) 

studied interplays between the accelerating SLR and wave characteristics in the Solomon 

Islands. Even though they did not consider the extreme wave cases, they found that wave 

energy is the key driver of the changes in the Solomon Islands. Vousdoukas et al. (2017) 

investigated the extreme SLR on the coasts of Europe until 2100. They found the 

relationships between the MSL, TE, waves, and SS. Also, they assessed extreme SLR by 

summing these phenomena for different RCP (Representative Concentration Pathways) 
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scenarios. They concluded that the SLR is the key driver, and tides have a negligible effect 

on a regional scale in Europe. Melet et al. (2018) and Melet et al. (2020) examined the 

contributions of waves, tides, and atmospheric surges to the long-term SLR variations on the 

coastal scale. They found that waves have an important amplifying or damping role in the 

SLR, which depends on the study region. Calafat et al. (2022) further showed that storm 

surge extremes in Europe have risen at a similar rate as mean sea level, suggesting compound 

effects need greater attention. 

 

 

Figure 1.3.  The ESL and its variables, which lead to the ‘Hazards’ component of the 

IPCC’s climate change and socioeconomics processes (IPCC, 2014). 

 

Vitousek et al. (2017) examined the relationship between SLR and the frequency of 

coastal flooding and found that the frequency of coastal floods can quickly increase with 

even gradual SLR. To assess this finding, they combined SLR with waves, TE, and SS using 

the extreme value theory. Erikson et al. (2018) identified the storm events and modeled the 

future coastal flood using the identified storms and the future total water level. They used 

the linear superposition method to evaluate the climate change effects on coastal flooding 

and added up sea level anomalies, wave runups, and SS. Results showed that the same storm 

causes more severe but rare coastal floods due to the effects of climate change. Kirezci et al. 

(2020) found that flood-exposed populations could increase by over 50% globally by 2100 

due to SLR and extremes, highlighting the need for spatially resolved flood forecasting.  
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These studies have proven that there are unignorable feedbacks and relationships 

between the sea level change, wave characteristics, frequencies of extreme events, SS, and 

TE. These relations should be taken into account when predicting future hydrodynamic 

events and constructing flood hazard maps. 

 

1.2.4.  Coastal Flood Hazard Assessment 

 

As mentioned in the previous section, climate change causes the intensification of 

hydrodynamic events. In particular, SLR and SS contribute to flood hazards and extreme 

wave events (Oppenheimer et al., 2019). Future projections of flood hazards have an 

important role in coastal adaptation and migration. Therefore, predicting these hazards on a 

local scale is necessary to take measurements on time. 

 

Regarding this concern, there are many studies with different methodologies. Saxena 

et al. (2013) identified the vulnerable coasts of the Cuddalore region in South India to SLR, 

SS, and flooding to assess the design life of coastal structures. According to Didier et al. 

(2015), wave characteristics should be combined with SS to model coastal flooding with 

good accuracy. Muis et al. (2015) suggested that GCM results can be useful for assessing 

flood extent on a country scale using probabilistic methods. After reanalyzing global ESL 

and SS, Muis et al. (2016) generated a global bathtub flood extent map using the linear 

superimposition of SS, TE, and SLR. Hatzikyriakou and Lin (2017) hydrodynamically 

examined the structural vulnerability and flood hazard by considering wave effects, flood 

characteristics, and erosion of dunes. They concluded that their hydrodynamic method for 

projecting the future flood and erosion works well. Vousdoukas et al. (2018) conducted a 

future coastal flood risk analysis in Europe. They considered the changes in the sea level, 

tropical cyclones, and socioeconomic developments. However, wave effects were not taken 

into account. Maranzoni et al. (2023) provide a recent review of flood hazard classification 

methods globally, reinforcing the importance of using multi-indicator models (e.g., depth, 

velocity, duration) to evaluate coastal flood threats. 

 

Aucelli et al. (2018) identified the coastal hazard hotspot areas of the Molise region on 

the Italian Adriatic coast and predicted SLR, flooding, and erosion for 2065 and 2100. 

Similarly, Jisan et al. (2018) projected the future SLR impact on SS and mapped the 
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inundation extent on the Bangladesh coast. Lerma et al. (2018) coupled overflow and 

overtopping processes for the hydrodynamical model of the marine flood. Chtioui et al. 

(2024) demonstrated that in the Casablanca-Mohammedia coastline, inundated areas could 

expand by 20.9% by 2100 under combined SLR, waves, and SS influences.  

 

Li et al. (2018) investigated SLR and intensification of the storm in Hawaii until 2100 

and probabilistically mapped the inundation hazard. Ballesteros et al. (2018) combined flash 

floods, marine flooding, and SLR to assess multi-component flood extent at the coast of 

Maresme in the Northwest Mediterranean and found flash floods as the main disaster for the 

study area. Gallien et al. (2018) reviewed the coastal flood modeling studies and concluded 

that the best way to model future coastal flood hazards is an integrated framework combining 

multiple flooding pathways and marine and hydrological compounds. Almar et al. (2021) 

emphasized that coastal overtopping hours are increasing faster than sea-level rise, 

particularly in regions exposed to high-energy wave climates. 

 

Didier et al (2019a) compared two coastal flood maps that were generated using a 

numerical flood model and a bathtub model, and consequently, the numerical flood model 

was found to be more accurate. Furthermore, they concluded that the feedback between sea 

level, wave characteristics, and SS should be included while a multi-hazard analysis is 

conducted. After that, Didier et al. (2019b) examined the SLR effects and propagation of 

coastal floods using numerical modeling at Maria coasts in Eastern Canada. 

 

Favaretto et al. (2019) studied the regional-scale coastal flood hazard due to overflow 

at the Venice coasts and constructed a coastal hazard map. This study assumed negligible 

advective acceleration using a linearized friction term, which was not suggested in Gallien 

et al. (2018). Xie et al. (2019) constructed an integrated atmosphere-ocean-coast and 

overtopping-drainage modeling scheme to assess the coastal flooding map under the SLR 

case. They concluded that overflow processes should also be included.  

 

Sekovski et al. (2020) developed a coastal vulnerability index and applied it to the 

Ravenna coast in Italy. SLR and marine flood processes were considered. Idier et al. (2020) 

combined historical, statistical, and numerical methods to assess coastal flood processes in 

Gâvres, France. The study site is a macro tidal area and subject to overtopping. The SLR 



12 

was also included. They indicated that more simulations are needed to assess future flood 

conditions fully. Muis et al. (2020) presented a novel global dataset of ESL, which is the 

Coastal Dataset for the Evaluation of Climate Impact (CoDEC), and downscaled this dataset 

for the Europe region. They concluded that this dataset can be used to investigate climate 

change impacts at a local scale. 

 

As expressed in these studies, coastal flood hazard assessment is necessary to examine 

the effects of climate change. Anticipating these hazards can help authorities take action 

before communities experience economic and social losses.  

 

1.2.5.  Necessity for Coastal Hazard Assessments 

 

According to Field et al. (2014), climate change-related risks arise from the 

relationship between climate change hazards and the exposure and vulnerability of natural 

systems and humans. These risks depend on time, region, and hazard types. For instance, 

Laino and Iglesias (2024) established an assessment framework for a wide variety of climate-

related hazards, including coastal flooding, sea level rise, and erosion, across diverse coastal 

cities to prioritize the severity and urgency of their specific risks. For coastal flood hazards, 

coastal adaptation options consist of the reinforcement of buildings and coastal defense 

structures, the construction of new defense structures, the definition of a new setback line, 

and coastal migration. According to a specific region’s future risks under climate change, 

the proper coastal adaptation option should be identified and implemented. Tiggeloven et al. 

(2020) found that without adaptation, coastal flood damages could increase by a factor of 

150 globally by 2080; however, cost-effective adaptation can prevent the vast majority of 

losses. There are many studies improving the existing adaptation techniques. 

 

Bernatchez and Fraser (2012) studied the reduced resilience to climate change effects 

due to the reflective nature of coastal defense structures and highlighted that it is important 

to allow a coast to conserve its natural adjustment skills. They also concluded that hard 

defense structures are not good for low-lying sandy coasts. Galiatsatou et al. (2018) 

investigated methods to economically upgrade rubble mound breakwaters under climate 

change effects and compared these methods with each other. They found the most feasible 

solution is the placement of a berm at the seaside of the breakwater. Foti et al. (2020) 



13 

reviewed the impacts of climate change on coastal defense methods. They listed the 

techniques that should be applied in order of priority as the upgrade of existing defense 

structures, the implementation of nature-based solutions, and the integration of traditional 

and innovative techniques to create antifragile systems. Mentaschi et al. (2020) demonstrated 

that over 80% of projected flood damages in Europe could be avoided by raising dikes along 

just 30% of high-risk coastlines, yielding benefit-cost ratios as high as 15:1. Galiatsatou et 

al. (2021) examined the effects of the ESL, including SLR, waves, TE, and SS, on port 

defense structures and concluded that the future safety levels and increased vulnerability of 

the defense structures should be further investigated under climate change effects. Formentin 

(2021) experimentally examined the hydraulic and structural safety of the upgrade options 

of coastal defenses, considering changes in sea level and amplified intensity and frequency 

of extreme weather events. Salauddin et al. (2021) presented the first study about the effects 

of ecologically modified sea defenses on the dissipation of wave energy and flood hazards, 

i.e., wave overtopping.  

 

Garland et al. (2010) took into account SLR, waves, tides, and SS resulting from 

climate change and assessed the vulnerability to shoreline retreat of the nearshore islands of 

the United Arab Emirates. They tried to establish a safety setback line for these islands and 

Abu Dhabi to avoid coastal flood hazards and erosion. Lincke et al. (2020) presented the 

first study about the role of setback zones in future coastal flood hazards and erosion on a 

regional scale. They concluded that setback zones are an economical and feasible option for 

coastal adaptation. Furthermore, they suggested that combining coastal defense mechanisms 

and managed setback zones provides better protection. 

 

Nicholls et al. (2021) gathered the updated projections of SLR and its effects and 

developed practical methods for coastal adaptation and risk assessment. They suggested that 

the SLR projections and risk assessment studies should be regularly updated with 

consideration of previous works. They concluded that a pragmatic approach is the most 

suitable way to adopt a coastal adaptation method due to today’s uncertainty in the 

predictions of the future sea level.  

 

Lincke and Hinkel (2021) globally examined the 21st century’s coastal migration 

using SLR scenarios, discount rates, and socioeconomic conditions. They found that if 
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coastal migration is coupled with the coastal protection techniques by local decision-makers, 

the global cost to adapt to the SLR can be significantly reduced.  

 

Hinkel and Nicholls (2020) emphasized that the prediction of the response of a coastal 

adaptation method is crucial to completely assess coastal risk analysis. They stated that there 

is no absolute way to manage coastal hazards, but being prepared and having some time to 

implement the method should be deemed important. For this reason, continuous research on 

climate change and its effects, prediction of coastal hazard risk, and, accordingly, 

comparison of the options for coastal adaptation and migration are highly significant. Even 

if climate mitigation measures are stringently applied, there will be SLR for centuries due to 

the response period of climatic events. Additionally, Rogers et al. (2025) projected that 

global flood exposure will grow by 300 million people by 2100, largely due to unregulated 

coastal urbanization; adaptation planning must address both hazards and population trends. 

This underscores the critical need for hazard-informed development policy. 

 

Thus, although this thesis does not directly investigate adaptation and migration 

strategies, the reviewed literature clearly demonstrates that rigorous coastal hazard 

assessments are crucial. Such assessments not only help quantify the risks posed by climate 

change but also lay the groundwork for informed decision-making in coastal management. 

In turn, understanding these hazards is essential for shaping any future strategies aimed at 

adaptation and migration, thereby highlighting the indispensable role of coastal hazard 

studies in the broader climate change discourse. 

 

1.3.  Study Area: Regional Seas of Türkiye 

 

Situated between 30–47°N and 22–42°E, the study region lies at the intersection of six 

of the 14 CORDEX domains (Figure 1.1a). Although this subregion is not the primary focus 

of any single domain, it is included in all six, and currently, the EURO-CORDEX domain 

provides the only available physical ocean data for this area. The region encompasses several 

key basins—the Black Sea (including the Azov Sea), Marmara, Aegean, and Eastern 

Mediterranean—which correspond to the northern, northwestern, western, and southern 

segments of the study area, respectively (Figure 1.1c). This subregion holds significant 

spatial importance, as it borders 13 countries: Türkiye (TR), Russia (RU), Ukraine (UA), 
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Georgia (GE), Romania (RO), Bulgaria (BG), Greece (GR), Syria (SY), Lebanon (LB), 

Israel/Palestine (IL/PS), Egypt (EG), and Cyprus (CY). In the analysis, all islands are 

excluded except Cyprus, with its coasts treated as a single entity that includes both the 

Turkish Republic of Northern Cyprus and the Republic of Cyprus. For Türkiye, the coastline 

is subdivided into four distinct segments corresponding to the Black (TR-BS), Marmara (TR-

MS), Aegean (TR-AS), and Mediterranean (TR-MED) Seas. At the same time, the coasts of 

Israel and Palestine are considered together. 

 

The Black Sea is a semi-enclosed basin that connects to the Marmara and Aegean Seas 

via the Straits of Istanbul and Çanakkale and to the Azov Sea through the Kerch Strait. 

Covering approximately 461,000 km² (including the Azov Sea) and featuring an 8,350 km 

long shoreline, its maximum depth reaches 2,588 m (Figure 1.1c), establishing it as one of 

the largest enclosed basins globally (Akpınar et al., 2012). In contrast, the Marmara Sea, a 

small inland sea entirely within Türkiye’s borders, divides the country’s European and Asian 

parts. It measures roughly 240 km by 70 km, spans an area of 11,500 km², and has a deepest 

point of 1,270 m (Kutupoğlu et al., 2018). The Aegean Sea, an elongated embayment of the 

Mediterranean nestled between the Greek and Anatolian peninsulas, extends approximately 

670 km in length and 390 km in width, covering around 214,000 km² with depths reaching 

up to 2,639 m (Figure 1.1c). The Eastern Mediterranean Sea is a semi-enclosed marginal sea 

connected to the global ocean via the Strait of Gibraltar, bordered by Türkiye, the Greek 

Dodecanese islands, Egypt, Israel, Palestine, and Syria, and plunges to a maximum depth of 

3,310 m (Figure 1.1c). 

 

Türkiye, bordered on three sides by the Mediterranean, Aegean, Marmara, and Black 

Seas (illustrated in Figure 1.1c), experiences high population densities and intense economic 

activity along its coasts. This underscores the critical need to assess the impacts of climate 

change on these surrounding seas. Although several studies have addressed the historical 

and modeled effects of climate change on the Black Sea coasts (e.g., Alpar, 2009; Aydoğan 

et al., 2021; Başaran and Güner, 2021; Ceyhunlu et al., 2021; Görmüş et al., 2021), a 

comprehensive ESL assessment for the coasts of these four seas remains lacking. 

Considering that hydrodynamic modeling is essential for coastal flood hazard analyses 

(Gallien et al., 2018), it is imperative to conduct a systematic statistical examination. The 

Black Sea’s high wave energy and extensive river inputs, tourist activities on the 
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Mediterranean coasts, the intricate geometry of the Aegean coast with its significant tourist 

activities, and the strategic importance of the Marmara Sea collectively highlight the 

necessity of such research. 

 

1.4.  Objectives and Scope 

 

The main objective of this study is to develop a comprehensive understanding of the 

future behavior of the regional TWL surrounding Türkiye and its contributors (TE and SS) 

and ESL in the Black Sea under the influence of climate change until the end of the 21st 

century. This is achieved by integrating statistical analysis, numerical wave modeling, and 

coastal flood extent assessments. To this end, the study focuses on three main objectives. 

 

The first objective is the quantitative assessment of TWL and its components. It aims 

to conduct a detailed statistical analysis of TWL at a subregional scale by decomposing TWL 

into its main components, SS and TE, using datasets obtained from the Climate Data Store 

(CDS) (Yan et al., 2020a; Yan et al., 2020b), to understand their contributions and combined 

effects on coastal hazards. In these datasets, sea level components, including TWL, TE, and 

SS, are provided based on a modeling framework considering their individual and combined 

influences. TWL is obtained by simultaneously accounting for TE, SS, and their nonlinear 

interactions. TE includes barotropic tidal components such as astronomical and radiational 

tides, self-attraction and loading, MSL, and long-term SLR. While TE and TWL are 

provided as separate outputs from hydrodynamic simulations, SS is calculated as their 

difference, thereby implicitly reflecting tide–surge interactions. This objective also aims to 

identify the most hazard-prone sea among the four regional seas (Black Sea, Marmara, 

Aegean, and Eastern Mediterranean) through comparative analysis. Particular emphasis is 

placed on the Black Sea due to its significant SS events and complex hydrodynamic 

behavior.  

 

The second objective is dynamic shoreline-based numerical wave projection. This 

objective aims to simulate future wave conditions using a third-generation spectral wave 

model, SWAN (Simulating Waves Nearshore) (Booij et al., 1999), focusing on the period 

between 2071 and 2100 (far future) and using statistically analyzed and spatiotemporal 
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TWL. This component is designed to capture changes in wave characteristics under the 

influence of climate change and provide key inputs for subsequent analysis. 

 

The third objective is the projection of high-resolution coastal flood extents. First, an 

established empirical formulation (Stockdon et al., 2006) is used to calculate the high-

resolution dynamic shoreline-based wave runup based on simulated wave parameters. This 

step converts wave projection outputs into wave runup estimates, which are critical for 

assessing how wave dynamics contribute to coastal ESL. High-resolution ESL projections 

are then generated by superimposing the statistically analyzed TWL with the empirically 

derived wave runup values. These ESL forecasts serve as the basis for mapping potential 

coastal flood extents, providing a robust framework for assessing future coastal flood 

hazards. This mapping informs coastal hazard assessments and guides decision-making on 

future coastal flood hazard management and adaptation strategies. 

 

To achieve these objectives, the scope of the study outlines the geographical focus, 

temporal scale, and methodological integration. The research covers the regional seas of 

Türkiye, which are located at the intersection of six CORDEX areas. While all four seas 

(Black Sea, Marmara, Aegean, and Eastern Mediterranean) are considered, the Black Sea is 

of special interest due to its dynamic SS behavior and significant hydrodynamic interactions. 

Therefore, wave projection and coastal flood extent are applied for the Black Sea. 

 

The analysis includes historical period (1976-2005), mid-future (2041-2070), and far 

future (2071-2100) projections, focusing on the far future period for wave projections. This 

timeframe was chosen to capture the long-term impacts of climate change on coastal 

systems, and it aligns with the typical design life of major coastal infrastructure, which often 

spans 50-100 years (e.g., ports, breakwaters, and sea walls). 

 

The study integrates multiple methodological approaches, such as statistical analyses, 

numerical modeling, and empirical formulations, to produce robust ESL projections. These 

methods are applied in a sequential framework where outputs from one component inform 

subsequent analyses (e.g., using wave model outputs to predict wave runup). 
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While the study provides a comprehensive framework for understanding future coastal 

hazards, it does not directly address broader adaptation and migration strategies. Instead, the 

focus is on the development of coastal flood hazard assessments necessary to support 

subsequent decision-making on adaptation measures. 

 

This integrated approach is designed to bridge the gap between high-resolution local 

studies and broader climate change impacts and ultimately contribute to improving coastal 

planning and risk management for the surrounding regions. 

 

1.5.  Research Significance and Contributions 

 

 This study addresses critical gaps in our understanding of future coastal hazards in 

regional seas surrounding Türkiye under climate change. As sea levels are projected to rise 

over time, coastal communities face increasing threats to economic stability, social well-

being, and environmental sustainability. However, most existing studies fail to capture the 

complexities of smaller and regional seas. This research fills this gap by integrating high-

resolution statistical analysis, numerical wave modeling, and empirical wave runup 

calculations with adaptive shoreline-based slope computation to represent coastal dynamics 

more realistically. Thus, it provides a robust projection of ESL and associated coastal flood 

hazards. 

 

The main contributions of this study can be summarized as follows: localized and high-

resolution analysis, integrated methodological framework, focus on the Black Sea, and 

implications for policy and adaptation. 

 

As outlined before, focusing on the intersection of six CORDEX areas, namely 

Europe, Africa, South Asia, Central Asia, Mediterranean, and Middle East North Africa 

(MENA), this study provides detailed TWL projections at the subregional scale. Such high-

resolution data are crucial to accurately assess the localized impacts of climate change on 

wave properties, SS, and TE, especially for regions that larger-scale models do not 

adequately represent. 
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The study combines statistical TWL analysis, numerical wave projections, and 

empirical wave runup to develop a comprehensive framework for estimating ESL in the 

Black Sea. In particular, the study introduces an improved first-order estimate of wave runup 

contribution by dynamically updating shoreline locations and computing corresponding 

beach slopes at each time step, thereby capturing the spatiotemporal variability of coastal 

morphology. It also incorporates, for the first time, high-resolution spatiotemporal TWL 

projections as well as future wind projections in wave projections, updating water depth, 

spatial differences in sea level, and shoreline, i.e., active nodes, at each computational time 

step. This integrated approach, called the dynamic shoreline-based approach, increases the 

reliability of coastal flood hazard assessments and supports better-informed risk 

management and coastal planning decisions. 

 

While all four seas surrounding Türkiye are considered, the research highlights the 

Black Sea due to its pronounced SS events and complex hydrodynamics. By identifying the 

Black Sea as a critical area of concern, the study provides targeted insights that can guide 

focused adaptation strategies and contingency planning in one of the most vulnerable 

regions. 

 

Robust ESL projections and detailed flood extent mapping in a GIS (Geographic 

Information System) environment serve as essential inputs for coastal management and help 

policymakers develop adaptive strategies that can reduce future risks. This study not only 

improves our understanding of the mechanisms behind ESL events but also lays the 

foundation for future studies on adaptation and migration measures, making it highly 

relevant for regional and international climate policy discussions. 

 

In summary, the significance of this research lies in its ability to bridge the gap 

between global climate models and local coastal risk assessments. By providing a detailed 

and integrated analysis of TWL, wave dynamics, coastal flood hazards, and by integrating 

physically consistent wave runup modeling with high-resolution and dynamically updated 

topographic inputs, this study provides critical data that form the basis of effective coastal 

management and adaptation strategies for Türkiye and neighboring countries affected by 

these regional seas. 
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1.6.  Thesis Outline 

 

This thesis is organized into four main chapters. Chapter 1 introduces the study by 

outlining the research background, reviewing relevant literature, describing the study area, 

and defining the objectives and significance of the research. Chapter 2 details the 

methodology employed, including the statistical analysis of SS, TE, and TWL, numerical 

wave modeling, empirical wave runup calculations, and the development of coastal flood 

extent maps. Chapter 3 presents the results of statistical analyses, dynamic shoreline-based 

numerical wave modeling, empirical wave runup modeling, and coastal flooding. Chapter 4 

offers a comprehensive discussion of the results of this thesis, focusing on the interpretation 

of TWL and SS trends, numerical wave modeling, empirical wave runup modeling, 

construction of ESL and coastal flood maps, and practical implications of these outcomes 

for coastal hazard and design. Finally, Chapter 5 concludes the thesis by summarizing the 

key findings and suggesting directions for future research.  
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2.  METHODOLOGY 

 

 

This study’s methodology consists of three main components: statistical analysis of sea level 

components, wave projection using numerical modeling, and estimation of wave runup and 

coastal flood extent. First, CMIP5 (Coupled Model Intercomparison Project Phase 5) RCM 

outputs developed for the European domain are statistically analyzed to assess future TWL, 

SS, and TE conditions in the regional seas. Given the distinct oceanographic characteristics 

of these semi-enclosed seas, this analysis helps determine the most critical region for further 

investigation, which is identified as the Black Sea. In the second stage, future wave 

conditions in the Black Sea are simulated using the SWAN model, driven by RCM-derived 

spatiotemporal TWL, wind data, and detailed bathymetry. Calibration and validation of the 

model are performed using historical wave reanalysis. Finally, wave runup is estimated 

along the Black Sea coastline based on projected wave conditions and beach-face slope, 

applying the empirical wave runup formula of Stockdon et al. (2006) (hereinafter referred to 

as S06). The combined impact of future TWL and wave runup is utilized to generate a flood 

extent map in a GIS environment representing extreme coastal inundation conditions. Each 

methodological step is designed to provide a comprehensive understanding of future coastal 

hazards under climate change. The methodology is summarized in  

Figure 2.1.   

 

2.1.  Statistical Analysis of Sea Level Data 

 

This section presents the statistical analysis approach applied to the dataset, beginning 

with a description of the data sources and progressing through the methods used for 

comparison across seas and locations. GCMs are among the most reliable tools for projecting 

future SLR, as they simulate complex atmospheric and hydrological interactions. However, 

their coarse resolution necessitates further refinement. Hydrodynamic downscaling by 

scientists worldwide has produced RCMs, which provide higher-resolution outputs. 

Although both GCMs and RCMs are computationally intensive, their results are publicly 

available, enabling detailed local and regional analyses



 

 

 

Figure 2.1.  Methodology chart.
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Given that the regional seas surrounding Türkiye vary significantly in their hydro-

morphological and meteorological characteristics from south to north, RCM outputs for the 

European region (Yan et al., 2020b) are statistically analyzed for Türkiye’s surrounding seas. 

The key variables examined are TWL, SS, and TE. Comparative analyses of these variables 

across the seas reveal that the Black Sea exhibits more critical characteristics, making it the 

focal point for more detailed evaluation and future projections. 

 

 For the selected seas, the time series datasets are analyzed in terms of spatial averages, 

as well as maximum and minimum values, for both 10-minute and annual intervals. For the 

10-minute interval data within each sea, the terms "maximum" and "minimum" refer to the 

highest and lowest values observed across all data points in a given time step. For annual 

data, these refer to the extreme values observed throughout a simulation year. However, it is 

important to note that the maximum values obtained by averaging the annual maximums 

across all locations may not accurately reflect the sea’s worst-case conditions due to the 

location-specific nature of the data. High values at one point may coincide with low values 

at another, leading to underestimation when averaged. Therefore, a time series analysis of 

spatial maximum and minimum values, along with the average, provides a more accurate 

basis for comparing the future conditions of the seas. 

 

After comparing the seas, further assessments are carried out on extreme value 

indicators, tidal indicators, and MSL, aiming to explore the changes occurring at each data 

point and to observe local dependencies, thereby identifying critical coastal areas. These 

indicators are analyzed over a 30-year end-century epoch to identify extreme conditions and 

allow observation of localized variations. The extreme value indicators are defined 

according to their return periods and variable names (e.g., RP1 TWL or RP100 SS), which 

represent the TWL with a 1-year return period or the SS with a 100-year return period. 

Subsequently, comparisons are made between the end-century and historical epochs to 

evaluate how the projected extremes have evolved. 

 

Using data points along the coastlines of countries bordering these seas, the SS 

distributions are examined based on the 10-minute time series data across three epochs. The 

RP100 SS and RP100 TWL extreme conditions are also analyzed by comparing the 
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differences between the end-century and historical epochs along the coastlines. A 

summarizing methodology chart of the statistical analysis section is shown in Figure 2.2. 

 

 

Figure 2.2.  The detailed methodology chart of statistical analysis, modified from Uzun and 

Otay (2025). 

 

2.1.1.  Datasets 

  

Two hydrological datasets in the EURO-CORDEX domain were employed to 

investigate the future climate-induced water level changes in the regional seas of Türkiye. 

Both datasets were downloaded via the CDS API and cover a broad section of the European 

coastline, including the four regional seas around Türkiye. These datasets originate from the 

same hydrodynamic modeling efforts but are presented in two different formats: one as a 

high-frequency time series and the other as statistical indicators. 

 

The first dataset, "Water level change time series for the European coast from 1977 to 

2100 derived from climate projections" (Yan et al., 2020b), includes TWL, SS, and TE data 
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with a 10-minute temporal resolution. These simulations were produced using the Global 

Tide and Surge Model v3.0 (GTSMv3.0), a barotropic and depth-averaged hydrodynamic 

model built on Delft3D Flexible Mesh. Due to the flexible mesh, the model uses refined 

meshes in the Europe region. GTSMv3.0 has 5.0 million grid cells and no open boundaries. 

Each year is separately simulated. The number of the output locations, including the 

locations of tide gauges, is 44,734. Forcing fields for the future projections are derived from 

the EC-EARTH GCM, developed within CMIP5, and the regionally downscaled DMI-

HIRHAM5 (Danish Meteorological Institute) model (0.11° resolution) from the EURO-

CORDEX initiative. Figure 2.3 shows the generation process of the time series datasets used 

in this study. 

 

 

Figure 2.3.  Summary scheme of the generation process of the time series datasets of Yan 

et al. (2020b). 

 

This dataset spans four periods: historical (1977–2005), ERA5 reanalysis (1979–

2017), mid-century (2041–2070; under RCP8.5), and end-century (2071–2100; under 

RCP4.5). Future simulations begin in 2041, as SLR signals require long-term trends to 

become distinguishable from natural variability. The RCPs are greenhouse gas concentration 

trajectories developed by the IPCC to explore different climate futures based on varying 

levels of greenhouse gas emissions. RCP8.5 corresponds to a high-emission scenario with a 
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radiative forcing of 8.5 W/m² by 2100, reflecting continued fossil fuel-intensive 

development. In contrast, RCP4.5 represents a stabilization scenario where emissions peak 

around mid-century and then decline, resulting in a lower radiative forcing of 4.5 W/m² by 

2100 (IPCC, 2013). The RCP8.5 scenario is used for mid-century because current emissions 

closely follow this pathway. However, considering international policy efforts such as the 

Paris Agreement, which aims to limit global temperature change to 1.5°C, the RCP4.5 

scenario was selected to reflect a more climate-conscious trajectory for the end-of-century 

period. 

 

A detailed methodological scheme of the production process of the time series dataset 

is shown in Figure 2.3. GTSMv3.0’s vertical reference level is the MSL, defined according 

to the average conditions from 1985–2005. To align the model’s reference level with that of 

CMIP5 SLR data, meteorological contributions to the MSL over this baseline period were 

subtracted from all scenarios using a negative mean sea level pressure field derived from 

ERA-Interim data. 

 

Within the framework of this model, TWL is obtained by simultaneously considering 

the effects of SS, TE, and the nonlinear interactions between them. TE includes barotropic 

tidal effects such as astronomical tides, radiational tides, self-attraction and loading, MSL, 

and SLR. While TE and TWL are each produced by separate hydrodynamical simulations, 

SS is calculated as the difference between the two, capturing nonlinear interactions between 

tides and surges. 

 

The second dataset, "Water level change indicators for the European coast from 1977 

to 2100 derived from climate projections" (Yan et al., 2020a), provides tidal and extreme-

value metrics including epoch-mean highest high water (MHHW), highest astronomical tide 

(HAT), and TWL and SS values associated with various return periods. These statistical 

indicators are derived from the same base simulations as the time series dataset but are 

processed differently to support coastal hazard assessment. 

 

MHHW is computed by averaging the highest high tides (including MSL and SLR) 

over each tidal day during the simulated 30-year period. HAT represents the single highest 
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astronomical tide during the same period. TWL and SS with specified return periods are 

obtained by fitting annual maximum values to a Gumbel distribution. 

 

The spatial resolutions of these two datasets decrease as we go further offshore. For 

the first 100 km from the coast, the spatial resolution is 0.25°, while for distances between 

100 and 500 km offshore, the resolution is 0.5°. Beyond 500 km, the resolution decreases to 

1°. These varying resolutions allow for finer details near the coast while maintaining 

computational efficiency in offshore regions. Additionally, the datasets have been validated 

by Yan et al. (2020a, 2020b) through comparison with tide measurements to ensure their 

reliability and suitability for use in local-scale analyses. 

 

2.1.2.  Correlation Analysis 

 

 Correlation coefficients between TWL and TWL components, SS and TE, are 

calculated within a 10-year window. A 10-year window is chosen because the decadal period 

is reasonable for analyzing the climate change effects (Yan et al., 2020b). These analyses 

are performed between the maximums, minimums, and averages of the 10-minute TWL, SS, 

and TE data. 

 

2.1.3.  TE and SS Fractions of TWL 

 

Fractions of SS and TE to TWL of the four seas are examined in percentages. These 

analyses are performed with the annual maximum values of these variables for each year 

between 2041 and 2100. That is, when SS reaches its maximum value, it is calculated as a 

percentage of TWL. In the same way, it is calculated for the maximum value of TE. It may 

not make sense to calculate percentages with minimum and average values because, in these 

cases, the SS data do not always have a positive value; occasionally, it has a reducing effect 

on TWL.  

 

2.1.4.  Trendline Analysis 

 

The trendline analysis of the spatial annual average, maximum, and minimum values 

of TWL, SS, and TE using a linear least squares regression across the regional seas during 
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historical, mid-century, and end-century periods. The general equation for the linear least 

squares trendline is expressed as 

𝑦𝑖 = 𝑏1𝑥𝑖 + 𝑏0, (2.1) 

where 𝑖 = 1,2, … , 𝑛 representing the years, 𝑦𝑖 is the corresponding TE, SS, and TWL values, 

𝑏1 is the slope, 𝑥𝑖, is the year, and 𝑏0 is the intercept. The linear least squares trendline slope 

and intercept are obtained with the equations 

𝑏1 =
𝑛 ∑ 𝑥𝑖𝑦𝑖

𝑛
𝑖=1 −(∑ 𝑥𝑖

𝑛
𝑖=1 )(∑ 𝑦𝑖

𝑛
𝑖=1 )

𝑛 ∑ 𝑥𝑖
2𝑛

𝑖=1 −(∑ 𝑥𝑖
𝑛
𝑖=1 )

2 , (2.2) 

𝑏0 =
∑ 𝑦𝑖

𝑛
𝑖=1 −𝑏1 ∑ 𝑥𝑖

𝑛
𝑖=1

𝑛
, (2.3) 

respectively (Walpole et al., 2010). 

 

The coefficients and root mean square deviations (RMSD) are calculated for the 

historical, mid-, and end-century periods to observe the changes in the trends and deviations 

from the trendlines. The reason for examining the trendlines and RMSD under two future 

periods is to assess the changes in the maximum and minimum values due to climate change 

under two different RCP scenarios. The reason for choosing RMSD instead of standard 

deviation is that standard deviation is useful for calculating the deviations from the mean 

value of a time series. However, deviations from a trendline can be observed by calculating 

the difference between the value on the trendline and the actual value at the same time step. 

RMSD is expressed as 

𝑅𝑀𝑆𝐷 = √
1

𝑛
∑ |𝐴𝑖 − 𝑇𝑖|2𝑛

𝑖=1 , (2.4) 

where 𝐴𝑖 and 𝑇𝑖 are the actual and trendline values of the 𝑖th year. 

 

2.1.5.  Probability Distribution 

 

The probability distributions (PD) of the dataset in the historical, mid-century, and 

end-century periods are examined as histograms. The average, maximum, and minimum 

values of the 10-minute interval TWL, SS, and TE data in each sea are used to examine the 

differences in the PD shapes of the four seas, the changes between the current and future 

climate, and the moments of the PDs. To achieve that, the statistical moments of the PDs, 

which are mean (𝜇), standard deviation (std), skewness, and kurtosis, are examined. The PD 

moments are examined and expressed as 
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𝜇 = ∑ 𝑥𝑖 𝑛⁄𝑛
𝑖=1 , (2.5) 

𝑠𝑡𝑑 = √
1

𝑛−1
∑ (𝑥𝑖 − 𝜇)2𝑛

𝑖=1 , 
(2.6) 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
∑ (𝑥𝑖−𝜇)3 𝑛⁄𝑛

𝑖=1

𝑠𝑡𝑑3
, (2.7) 

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =
∑ (𝑥𝑖−𝜇)4 𝑛⁄𝑛

𝑖=1

𝑠𝑡𝑑4 , (2.8) 

where 𝑛 is the number of time step and 𝑥𝑖 is the actual data. 

 

2.1.6.  Tidal Indicators and MSL 

 

The effect of climate change on tidal evolution is still an active area of research. While 

the full extent of this effect has yet to be fully understood, several factors are known to 

contribute. Changes in water depth and the resonance properties of ocean basins can have a 

notable impact on tidal behavior. These changes in tidal characteristics are also reflected in 

extreme water levels (Yan et al., 2020a). It is important to distinguish between tide-induced 

and surge-induced changes, as they differ in nature and timescale. Tidal evolutions occur 

daily and are experienced regularly, whereas extreme SS events unfold over a much longer 

timescale, spanning multiple years. Additionally, TE tends to exhibit a continuous upward 

trend, unlike storm-related changes. To evaluate these variations in TE and their regional 

significance, the epoch-mean MHHW and epoch-maximum HAT values are analyzed in 

both the historical and end-century periods. Furthermore, the epoch-mean MSL is examined 

to represent the sea-level changes, excluding the tidal effects. 

 

2.1.7.  Extreme Value Indicators 

 

The highest expected water level is important for flood-risk assessments as well as the 

frequency of this value (Martzikos et al., 2021). It is expected that the extreme values will 

increase with SLR, and historical extreme values will be reached with milder storms. 

Furthermore, changes in the frequency and intensity of extreme storms will affect the 

extreme values of TWL. To observe these changes, extreme-value indicators of the time 

series data are calculated using the Gumbel distribution over the annual maxima values for 

the historical (representing current climate), mid-century, and end-century periods (30 years) 

by Yan et al. (2020a). The extreme value indicators are defined as RP, which describes the 
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severity and likelihood of an event. An increase in specific RP values or a decrease in the 

frequency of a given extreme value indicates changes in the severity and likelihood of an 

event. Due to SLR, a general upward shift is expected in the extreme values. In this study, 

the extreme-value indicators of SS and TWL  for the historical and end-century periods and 

the differences in SS and TWL between these periods are examined, considering 1-year RP 

(RP1), 10-year RP (RP10), and 100-year RP (RP100). RP1 TWL and SS data are not 

included in the dataset. Therefore, RP1 datasets are obtained during this study using the 

Gumbel distribution. 

 

2.1.8.  Country Coasts 

 

To analyze SS and TWL along the coastlines of each country, the most shoreward data 

points from each country's coast are selected. The number of data points included in the 

country-based analysis is presented in Table 2.1, listed in geographical order. 

 

Table 2.1.  The number of data points along the countries’ coasts. 

 BG GE RO RU 
TR-

BS 

TR-

MS 

TR-

AS 

TR-

MED 
UA GR CY EG IL/PS LB SY 

No. of 

data 
27 25 20 74 112 47 107 128 153 189 69 51 11 11 17 

 

The SS box plots, using 10-minute time series data for three different epochs along the 

countries' coastlines, are examined. These plots allow us to investigate the changes in SS 

across the three epochs. Additionally, the differences in RP100 SS and TWL between the 

end-century and historical epochs at these coastal data points are analyzed. When 

interpreting the extreme values of SS and TWL, the coasts of the Sea of Azov are treated 

separately from those of the Black Sea due to their distinct outcomes. 

 

2.2.  Wave Modeling 

 

In this section, the methodology of the calibration, validation, and wave projection is 

presented. Calibration, validation, and wave projection processes are conducted in the Black 

Sea using the SWAN for 1986-1995, 1996-2005, and 2071-2100, respectively. The aim here 
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is to consider the effect of climate change on wave properties while considering the effects 

of water depth and shoreline changes.  

 

In many wave projections, only wind change is considered (Morim et al., 2019; Casas-

Prat and Wang, 2020; Çakmak et al., 2023). However, it is known that water depth has a 

highly significant effect on wave evolution and propagation. The model used in this study is 

first calibrated according to the projected wind data. Then, in addition to the wind, spatial 

and temporal changes of the water level are taken into account at each step, and future wave 

conditions are projected accordingly. That is, the shoreline is updated at each time step of 

the model run; in other words, the active nodes (wet nodes or nodes on the sea) have changed 

at each time step.  

 

This section, which starts with the wave model description, explains the wind and 

water level data used as input in the model, the model setup, the ERA5 reanalysis data for 

comparison, calibration, validation, and the methodology of the wave projection. The 

selection of ERA5 reanalysis data for calibration and validation is supported by the findings 

of Çakmak et al. (2022), who demonstrated that ERA5 performs adequately when compared 

with both in situ measurements and remote sensing observations. 

 

2.2.1.  Wave Model Description 

 

The third-generation SWAN model has been applied to the Black Sea to analyze wave 

characteristics using various wind data. Originally developed by Delft University of 

Technology, the model is available on the SWAN website. Its theoretical and numerical 

foundation is extensively detailed in works by Holthuijsen et al. (1993), Ris et al. (1999), 

Booij et al. (1999), and Zijlema and Van der Westhuysen (2005). Widely utilized for both 

regional and global wave modeling efforts, SWAN has been successfully applied in various 

studies, particularly at regional scales (Akpınar et al., 2016; Bingölbali et al., 2019; 

Amarouche et al., 2020). 
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SWAN operates on the action density equation,  

𝜕(𝑁)

𝜕𝑡
+

𝜕(𝑐𝑥𝑁)

𝜕𝑥
+

𝜕(𝑐𝑦𝑁)

𝜕𝑦
+

𝜕(𝑐𝜎𝑁)

𝜕𝜎
+

𝜕(𝑐𝜃𝑁)

𝜕𝜃
=

𝑆(𝜎,𝜃;𝑥,𝑦,𝑡)

𝜎
, (2.9) 

using an Eulerian energy conservation approach, based on linear wave theory (Dingemans, 

1997; Whitham and Ting, 1976). Here, 𝑁 is the wave action density, 𝑐𝑥 and  𝑐𝑦 are the group 

velocity components in the 𝑥 and 𝑦 directions, 𝑐𝜎 and 𝑐𝜃 are the propagation velocities in 𝜎 

and 𝜃 spaces while 𝑆(𝜎, 𝜃; 𝑥, 𝑦, 𝑡) is the source term accounting for wave generation, 

dissipation, and non-linear interactions. The source term 𝑆(𝜎, 𝜃) is broken down into several 

components as 

𝑆(𝜎, 𝜃) = 𝑆𝑖𝑛 + 𝑆𝑤𝑐 + 𝑆𝑛𝑙4 + 𝑆𝑏𝑜𝑡 + 𝑆𝑏𝑟𝑘 + 𝑆𝑛𝑙3, (2.10) 

representing, respectively: wind input, whitecapping dissipation, non-linear quadruplet 

interactions, bottom friction, depth-induced wave breaking, and triad wave-wave 

interactions (Hasselmann et al., 1985; Cavaleri et al., 2007). The six key source terms 

involved are classified as either deep-water or shallow-water processes: wind input, 

whitecapping, and quadruplet wave interactions dominate in deep water, whereas bottom 

friction, depth-induced breaking, and triad interactions govern shallow-water dynamics. 

Further details are provided in the SWAN user manual (SWAN Team, 2024). 

 

 The wind characteristics at 10 meters above sea level drive wave generation in the 

SWAN model, with the linear and exponential wind input formulation 

𝑆𝑖𝑛(𝜎, 𝜃) = 𝐴 + 𝐵𝐸(𝜎, 𝜃), (2.11) 

where 𝐸(𝜎, 𝜃)  is the energy density spectrum. The linear growth (𝐴) follows Cavaleri and 

Rizzoli (1981), while the exponential growth (𝐵) depends on wind energy transfer described 

by Pierson and Moskowitz (1964). The linear growth is expressed as 

𝐴 =
1.5𝑥10−3

2𝜋𝑔2
(𝑈∗𝑚𝑎𝑥[0, cos (𝜃 − 𝜃𝜔)])4𝐻, (2.12) 

𝐻 = 𝑒𝑥𝑝 {− (
𝜎

𝜎𝑃𝑀
∗ 𝑥28𝑈∗

)
−4

}, (2.13) 

𝜎𝑃𝑀
∗ =

0.13𝑔

28𝑈∗
2𝜋, (2.14) 

where 𝜃𝜔,  𝐻, 𝜎𝑃𝑀
∗ ,  𝑈∗ and 𝜎 are the wind direction, filter, peak frequency of the fully 

developed sea state according to (Pierson and Moskowitz, 1964), friction velocity, and 

relative radian frequency, respectively.  
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The exponential growth formulation can vary according to different formulations such 

as Komen et al. (1984) and Janssen (1989, 1991). Their formulations are shown as 

𝐵 = 𝑚𝑎𝑥 [0,0.25
𝜌𝑎

𝜌𝜔
(28

𝑈∗

𝑐𝑝ℎ
𝑐𝑜𝑠(𝜃 − 𝜃𝜔)) − 1] 𝜎, (2.15) 

𝐵 = 𝛽
𝜌𝑎

𝜌𝜔
(

𝑈∗

𝑐𝑝ℎ
)

2

𝑚𝑎𝑥[0, 𝑐𝑜𝑠(𝜃 − 𝜃𝜔) − 1]2𝜎, (2.16) 

where 𝜌𝑎 and 𝜌𝜔 air and water densities, respectively. 𝑐𝑝ℎ and 𝛽 are the phase speed and 

Miles constant.  𝑁 is the action density.  

 

Whitecapping dissipation in the SWAN model is controlled by wave steepness. As 

outlined by WAMDI group (1988), the formulation of the whitecapping source term is 

defined as  

𝑆𝑤𝑐(𝜎, 𝜃) = −Γ𝜎̃
𝑘

𝑘̃
𝐸(𝜎, 𝜃), (2.17) 

where Γ is the wave steepness-dependent coefficient 𝑘, 𝑘̃, and 𝜎̃ are wave number, mean 

wave number, and mean frequency, respectively.  

 

In SWAN, the value of Γ is determined by the selected wind input formulation, as it is 

derived by ensuring the closure of the wave energy balance under fully developed conditions 

(Booij et al., 1999). The formulations are 

Γ = Γ𝐾𝐽 = 𝐶𝑑𝑠 [(1 − 𝛿) + 𝛿
𝑘

𝑘̃
] (

𝑠̃

𝑠̃𝑃𝑀
)

𝑝

, (2.18) 

𝑠̃𝑃𝑀 = √3.02𝑥10−3, (2.19) 

where 𝐶𝑑𝑠, 𝛿 and 𝑝 are tunable coefficients. 𝑠̃ is the overall steepness and 𝑠̃𝑃𝑀 is the the 

value of 𝑠̃ for the Pierson-Moskowitz spectrum (Pierson and Moskowitz 1964). 

 

Modifications to the tunable coefficient 𝐶𝑑𝑠 result in adjustments to both the steepness-

dependent coefficient and the dissipation rate associated with whitecapping. Initially, the 

parameter Γ was introduced following Komen et al. (1984). Subsequently, an adaptation by 

Günther et al. (1992), based on Janssen (1991), was incorporated. Consequently, multiple 

alternative whitecapping formulations have been implemented in the SWAN model, 

including the approach by Alves and Banner (2003), which is grounded in experimental 

research. These findings suggest that whitecapping dissipation is linked to the nonlinear 
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hydrodynamics within wave groups. This formulation is employed in conjunction with a 

wind input term derived from Yan's expressions (Yan, 1987; Van der Westhuysen, 2007). 

 

SWAN is versatile; it simulates wave generation, propagation, and dissipation while 

accounting for processes such as depth- and current-induced refraction, shoaling, bottom 

friction, triad and quadruplet nonlinear wave-wave interactions, depth-induced wave 

breaking, and whitecapping dissipation. Additionally, SWAN supports wave computations 

on regular, curvilinear, or unstructured grids within spherical or Cartesian coordinate 

systems (Zijlema, 2010). The SWAN model produces both one-dimensional and two-

dimensional wave spectra, along with various wave parameters, including spectral 

significant wave height, spectral wave period, wave direction, and directional spreading. 

 

2.2.2.  RCM Wind and TWL Data 

 

The outputs of GCMs are central to the CMIP experiments, conducted under the 

auspices of the World Climate Research Programme (WCRP). The application of RCMs for 

dynamically downscaling regional climates has become increasingly prevalent due to their 

enhanced resolution and detailed representation of processes (Rummukainen, 2009). 

 

The EURO-CORDEX RCMs represent outputs from dynamic downscaling 

experiments based on CMIP5 GCMs (Taylor et al., 2012), contributed by 36 modeling 

groups. These simulations are initialized using boundary conditions derived from coarse-

resolution GCMs and apply dynamic downscaling techniques to resolve regional-scale 

climate features based on RCP scenarios (Vautard et al., 2013; Moss et al., 2010). More 

detailed descriptions and information about the EURO-CORDEX RCM experiments can be 

found in Kotlarski et al. (2014). 

 

In this study, DMI-HIRHAM5 RCM wind and TWL data produced by the WCRP 

EURO-CORDEX initiative are used to project the future wave climate in the Black Sea. The 

wind data are the near-surface u and v components at 10 m height with a spatial resolution 

of 0.11° (~12.5 km) and a temporal resolution of 6 hours, dynamically downscaled using 

ICHEC-EC-EARTH (Ireland) by DMI (Denmark) as one of the experiments of the EURO-

CORDEX initiative. The data are obtained from Copernicus C3S - CDS (Copernicus Climate 
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Change Service, 2019) using the CDS API. The wind data are extracted for the periods 1986–

2005 (historical period) and 2071–2100 (future period). Wind data under the RCP4.5 

scenario is used for the future period.  

 

The selection of DMI-HIRHAM5 wind data is primarily motivated by its consistency 

with the regional water level dataset produced by the same experimental group using the 

same atmospheric data. Most importantly, no alternative regional water level dataset exists. 

Furthermore, the water level data has high temporal and spatial resolution. Since the regional 

TWL data for the period 2071–2100 is available under the RCP4.5 scenario, the DMI-

HIRHAM5 wind data were also extracted for the same scenario. The TWL variable of the 

water level dataset is used, and the details are given in the Datasets section of this thesis. 

Although this dataset originally had a 10-minute temporal resolution, it is utilized in wave 

simulations at an hourly resolution to reduce computational costs and manage data storage 

limitations. Specifically, data points are extracted from the original dataset at 6-hour 

intervals between 2071 and 2100. More information about the regional TWL data can be 

found in Yan et al. (2020b). 

 

2.2.3.  Model Setup 

 

In this study, version 41.45AB of the SWAN model is utilized to conduct wave climate 

simulations for the entire Black and Azov Seas region. The computational grid system, a 

regular rectangular grid, spans from 27°E to 43°E in longitude and from 40.7°N to 48°N in 

latitude, with a spatial resolution of 0.08°×0.08° and comprising 201x92 grid points. The 

spectral domain is discretized into 35 frequency bins, logarithmically spaced between 0.04 

Hz and 1 Hz, and divided equally into 36 directional bins. The numerical scheme BSBT 

(first-order upwind, Backward Space Backward Time) is employed for its stability and 

efficiency in handling wave dispersion. 

 

Bathymetric data for the model domain is sourced from the General Bathymetric Chart 

of the Oceans (GEBCO, 2024) with a resolution of 15 arc-seconds (~450 m), ensuring 

accurate depth representation across the entire domain. The SWAN model is driven by the 

wind data, DMI-HIRHAM5, from CMIP5 RCMs and operated in a non-stationary mode 

with a 1-hour time step and 1 iteration per time step, utilizing the STOPC convergence 
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criterion, which requires 99% of active grid points to reach convergence. Water level data 

for the future wave projections is obtained from the statistically analyzed TWL, containing 

SLR, TE, and SS, and is created with the input data from DMI-HIRHAM5 RCM.  

 

According to the findings of Amarouche et al. (2021), the Komen et al. (1984) 

formulation is used for wind-wave growth and whitecapping source terms. Different values 

of the tunable parameter (𝐶𝑑𝑠2) are examined in the calibration process as discussed in the 

following section. Since the calibration of the SWAN model using DMI-HIRHAM5 wind is 

found successful and the main focus is to project the wave climate using spatial and temporal 

water level change in the far-future period, calibration was not further refined. 

 

The default source term formulations in SWAN version 41.45AB are applied for the 

remaining components. Nonlinear four-wave interactions (𝑆𝑛𝑙4) are approximated using the 

Discrete Interaction Approximation (DIA) of Hasselmann et al. (1985), with parameters 

𝐶𝑛𝑙4 = 3𝑥107 and 𝜆 = 0.25. Bottom friction (𝑆𝑏𝑜𝑡) is modeled using the JONSWAP 

formulation of Hasselmann et al. (1973) with 𝐶𝑓𝑟𝑖𝑐 = 0.038 m2s-3. Nonlinear triad 

interactions (𝑆𝑛𝑙3) are represented using the Lumped Triad Approximation (LTA) method 

by Eldeberky (1996) with parameters 𝑡𝑟𝑓𝑎𝑐 = 1.0 and 𝑐𝑢𝑡𝑓𝑟 = 2.5. Depth-limited wave 

breaking (𝑆𝑏𝑟𝑘) was incorporated using the bore-based model of Battjes and Janssen (1978), 

with 𝛼 = 1 and 𝛾 = 0.73. 

 

2.2.4.  ERA5 Reanalysis Data 

 

ERA5, the fifth-generation reanalysis produced by the European Centre for Medium-

Range Weather Forecasts (ECMWF), provides global climate data and serves as the 

evaluation reference for the DMI-HIRHAM5 RCMs. ERA5 utilizes an advanced data 

assimilation system (4D-Var) along with the Integrated Forecast System (IFS) cycle 41r2 

(ECMWF, 2016). Compared to its predecessor, ERA-Interim, which had a spatial resolution 

of 79 km and a temporal resolution of 6 hours, ERA5 offers improved temporal resolution 

with hourly wave data available from 1940 to the present (Çakmak et al., 2022).  

 

A significant enhancement in ERA5 is the inclusion of uncertainty estimation through 

an ensemble data assimilation (EDA) system. The EDA system consists of 10 independent 
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assimilations with a reduced resolution of 63 km. These assimilations differ due to variations 

in physical parameterizations, observational uncertainties, and sea surface temperature 

conditions (Isaksen et al., 2010). This EDA system allows for uncertainty quantification in 

reanalysis products (Hersbach et al., 2020). 

 

The CDS system has the hourly ERA5 data with 0.25° × 0.25° spatial resolution for 

the atmospheric variables and 0.50° × 0.50° spatial resolution for the wave parameters. 

(Copernicus Climate Change Service, 2019; Hersbach et al., 2023). Three wave parameters 

which are significant wave height (𝐻𝑠), mean wave period (𝑇𝑚), and mean wave direction 

(𝜃𝑚) are obtained from the CDS with a spatial resolution of 0.5° for the historical period 

(1986-2005) to calibrate the wave model and evaluate the calibrated wave model as ERA5 

wave data was found suitable for calibration and evaluation after several studies (Hersbach 

et al., 2020; Bellotti et al., 2021;  Çakmak et al. 2022; Liu et al., 2022; Zhai et al., 2023). 

 

2.2.5.  Calibration and Validation 

 

The wind-wave growth and whitecapping source terms are usually identified as the 

primary focus of model calibration for physical processes (Akpınar et al., 2012; Kutupoğlu 

et al., 2018; Amarouche et al., 2021; Lei et al. 2023). Amarouche et al. (2021) conducted 

sensitivity analyses on the Black and Azov Seas using various wind input and whitecapping 

formulations, adjusting 𝐶𝑑𝑠2 to optimize the model performance. They found that the most 

accurate simulation was performed with the Komen scheme for wind input and whitecapping 

formulations on the Black Sea region by forcing the wave model with ERA5 wind data. 

Since the ERA5 wave data are utilized to compare the wave model results in this study, 

following Amarouche et al. (2021), the Komen-Komen scheme is used for wind-wave 

growth and whitecapping source terms. 

 

Whitecapping remains one of the least comprehended physical processes in wind wave 

modeling and serves as an adjustable parameter for calibrating wind wave models (Pallares 

et al., 2014; Cavaleri et al., 2018). Adjusting the coefficient associated with wave dissipation 

due to whitecapping, 𝐶𝑑𝑠2, can address the common underestimations and/or overestimations 

of wave parameters in simulation models. 
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This research analyzed five 𝐶𝑑𝑠2 values of 0.8E-5, 2.36E-5 (default), 3.0E-5, 3.5E-5, 

and 4.0E-5 which are in the range studied in the literature for the calibration of Cds2 (Sun et 

al. 2022) within the framework of the Komen scheme governing wind input and 

whitecapping formulations to calibrate the wave model to the DMI-HIRHAM5 winds. For 

these five 𝐶𝑑𝑠2 values, the results of the wave models performed for 10 years between 1986 

and 1995 are compared with ERA5 wave data considering 𝐻𝑠, 𝑇𝑚, 𝐻99, and 𝜃𝑚 wave 

parameters (Table 2.2) and the model with the best results is selected for the validation of 

the calibrated wave model using an unweighted normalized decision matrix. 

 

Table 2.2.  SWAN model setup for calibration, validation, and projection. 

 Calibration Validation Projection 

Time period 1986-1995 1996-2005 2071-2100 

Temporal resolution 1 hr 1 hr 1 hr 

Spatial resolution  0.08°x0.08° 0.08°x0.08° 0.08°x0.08° 

Wind source term Komen Komen Komen 

Whitecapping source term Komen Komen Komen 

𝑪𝒅𝒔𝟐 0.8E-5, 2.36E-5, 3.0E-5, 

3.5E-5, 4.0E-5 

4 4 

Wind data EC-EARTH DMI-HIRHAM5 

Wind spatial resolution 0.11°x0.11° 

Wind temporal resolution 6 hr 

Wave data for evaluation ERA5 Reanalysis - 

Wave spatial resolution 0.5° x 0.5° - 

Wave temporal resolution 1 hr - 

Bathymetry source GEBCO (15 arc-seconds) 

Bathymetry resolution 0.004167° x 0.004167° (15 arc-seconds) 

TWL Source - - DMI-HIRHAM5 

Wave parameters Annual means of 𝐻𝑠, 𝐻99, 𝑇𝑚, 𝜃𝑚 

Statistical parameters Bias, RMSE, MAE, HH index, SI, ND - 

 

The performance of the DMI-HIRHAM5 wave climate simulations under present 

climate conditions is comprehensively assessed through comparisons with ERA5 data. 

Hourly wave simulations and ERA5 reanalysis are used to derive annual and seasonal means 

of Hs as well as annual means of 𝑇𝑚, 𝜃𝑚, and 𝐻99 which is the 99th percentile of the SWAN 

model output (representing the extreme values of 𝐻𝑠) and ERA5 reanalysis. The seasons are 

categorized as December-January-February (DJF), March–April-May (MAM), June-July-

August (JJA), and September-October-November (SON) for winter, spring, summer, and 
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autumn, respectively. In the SWAN wave simulations, 𝐻𝑠, 𝑇𝑚, and 𝜃𝑚 represent the 

significant wave height, mean absolute (zero-crossing) wave period, and mean wave 

direction, respectively.  𝜃𝑚 is identified relative to the x-axis of the Cartesian coordinate 

system and positive in the counterclockwise direction. 𝐻𝑠 and 𝑇𝑚 are defined as 

𝐻𝑠 = 4√𝑚0, (2.20) 

𝑇𝑚 = √𝑚0 𝑚2⁄ , (2.21) 

where 𝑚0 and 𝑚2 are zeroth and second moments of the energy density spectrum, 

respectively. 

  

The comparison approach employed in all analyses involves an initial presentation of 

the mean values for the relevant parameters derived from the ERA5 data. Following this, the 

differences between each calibration model’s parameters and those of the ERA5 data are 

analyzed. To ensure consistency in the comparison, the wave climate simulations, originally 

conducted at a resolution of 0.08°, are upscaled to match the 0.5° resolution of the ERA5 

dataset. 

 

This study presents the statistical error metrics employed to spatially evaluate SWAN 

model outputs against the ERA5 data. Commonly used error statistics are computed to assess 

the performance of wind wave models. These include bias, normalized difference (ND) in 

percentage, root mean square error (RMSE), scatter index (SI), mean absolute error (MAE), 

and normalized RMSE-type metric, known as the HH index. They are primarily used to 

identify systematic errors, measure data accuracy, and analyze relative errors to determine 

whether the models tend to overestimate or underestimate the simulated parameters 

compared to the benchmark data.  

 

HH index (Hanna et al., 1985) is included since it is unbiased toward simulations that 

underestimate or overestimate averages and is not influenced by the mean of the benchmark 

data. Mentaschi et al. (2013) also strongly recommended its use for evaluating wind wave 

models. Using 𝑀𝑖 for the modeled values, 𝑀̅ for the mean of modeled data, 𝐵𝑖 to represent 

the benchmark data values, 𝐵̅ for the mean of observed data, and 𝑁 for the total data number, 

𝑏𝑖𝑎𝑠 = 𝑀̅ − 𝐵̅, (2.22) 
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𝑁𝐷 = ∑ (
𝑀𝑖−𝐵𝑖

𝐵𝑖
) 𝑥100𝑁

𝑖=1 , (2.23) 

𝑅𝑀𝑆𝐸 = [
1

𝑁
∑ (𝑀𝑖 − 𝐵𝑖)

2𝑁
𝑖=1 ]

1 2⁄

, (2.24) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑀𝑖 − 𝐵𝑖|

𝑁
𝑖=1 , (2.25) 

𝑆𝐼 =
𝑅𝑀𝑆𝐸

𝐵̅
, (2.26) 

𝐻𝐻 = √
∑ (𝑀𝑖−𝐵𝑖)2𝑁

𝑖=1

∑ (𝑀𝑖𝑥𝐵𝑖)𝑁
𝑖=1

  (2.27) 

are applied to 𝐻𝑠, 𝐻99 and 𝑇𝑚 wave parameters to compute the error metrics. 

 

The shortest angular distance (∆) between the mean wave directions of the SWAN 

output and the ERA5 dataset is used to evaluate the 𝜃𝑚 parameter of the SWAN output. 

Positive contour values are clockwise deviations from the ERA5 𝜃𝑚 while negative values 

correspond to counterclockwise deviations. This approach helps in identifying and analyzing 

directional discrepancies between the model outputs and the benchmark dataset. 

 

After the wave model is calibrated, it is forced with the same wind data for 10 years 

between 1996 and 2005 to evaluate the calibrated model using the 𝐶𝑑𝑠2 value that gives the 

best agreement with the ERA5 reanalysis data according to an unweighted normalized 

decision matrix. The model results are compared with ERA5 wave data considering the wave 

parameters 𝐻𝑠, 𝑇𝑚, and 𝜃𝑚 as in the calibration process. 

 

2.2.6.  Wave Projection 

 

Wave simulations in the future climate for 30 years from 2071 to 2100 (FW30) are 

performed using DMI-HIRHAM wind forcing with a temporal resolution of 6 hours, TWL 

with a temporal resolution of 1 hour, and bathymetry including topography data from 

GEBCO (Table 2.2). The TWL data, which originally had an unstructured grid, is 

interpolated on a 0.1° x 0.1° structured grid. This is suitable due to the high resolution of the 

TWL data in the nearshore area. 

 

A key methodological advancement of this study is the integration of spatially 

distributed TWL data and the dynamic updating of active computational nodes in SWAN at 



41 

 

every time step. This feature allows the model to reflect temporal changes in shoreline and 

inundation extent under projected sea level rise. While most existing wave projections 

assume static bathymetry and shoreline conditions, this approach accounts for dynamically 

evolving coastal topography, thereby offering improved accuracy in nearshore wave 

forecasts. Moreover, the inclusion of wet/dry transitions enables a preliminary identification 

of flooded areas before transferring the data to a GIS environment for detailed flood analysis. 

This method strengthens the physical consistency of wave-runup and flood impact 

estimations in the context of future coastal hazards. 

 

Similarly, wave simulations in the present climate for 20 years from 1986 to 2005 

(PW20) are performed using DMI-HIRHAM wind forcing. In the initial analysis stage, 

PW20 simulations are evaluated against ERA5 data during the calibration and validation 

process. As a second stage, FW30 and PW20 simulations are also compared to examine the 

impact of climate change on the wave climate towards the end of the 21st century, 

considering both changes in the wind characteristics and water level. Differences between 

the period averages of FW30 and PW20 are studied using ND in percentage. This 

comparison provides quantification of the projected changes. 

 

The FW30 simulations are performed for the same wave parameters, 𝐻𝑠, 𝐻99, 𝑇𝑚, and 

𝜃𝑚, as in the calibration and validation processes. Furthermore, spatially distributed 

projected trends in wave parameters over 2071–2100 are analyzed using the linear least 

squares regression method at each data point. Thus, the slopes of the predicted changes 

(cm/year) in annual and seasonal 𝐻𝑠 and 𝐻99 are obtained. Additionally, annual and seasonal 

spatially distributed projected changes (ND, %) in 10-meter wind speed, 𝑈10, of FW30 and 

PW20, which influence overall wave climate trends, are analyzed. 

 

2.3.  Wave Runup and Coastal Flooding 

 

ESL and coastal flood analyses require consideration of wave-induced contributions 

in addition to sea level changes. Especially in storm conditions, the runup caused by waves 

reaching the shore significantly increases the water level at the shore, thus increasing the 

flood probability. Therefore, it is of great importance to integrate wave effects into TWL 

calculations (Dodet et al., 2019; Melet et al., 2018; Stockdon et al., 2023). Wave runup is a 
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combination of wave-induced setup and time-varying swash components superimposed on 

a still water level. These components are often ignored or crudely represented by the 

assumption of constant morphology. However, recent studies (Almar et al., 2021; Kim et al., 

2023; Agulles and Jordà, 2024) have discussed that changes in coastal slope and morphology 

can significantly affect wave runup estimates. 

 

In this study, wave runup along the Black Sea and Azov Sea coasts is calculated based 

on the empirical formulation of Stockdon et al. (2006), S06, using hourly wave height and 

wave period data obtained from SWAN wave model outputs. The 2% exceedance wave 

runup, 𝑅2, is estimated using deep-water 𝐻𝑠, peak wave period (𝑇𝑝) obtained from the 

SWAN outputs, and coastal slope (𝛽) for extremely dissipative and intermediate/reflective 

conditions. These conditions depend on the Iribarren number (surf similarity parameter, 𝜉). 

This formulation is also officially accepted by NOAA (National Oceanic and Atmospheric 

Administration) and USGS (U.S. Geological Survey). It is used in national operational flood 

and erosion prediction and early warning systems on the US coasts (Stockdon et al., 2023). 

In the scope of the study, these calculations are applied to the wave projection period 

between 2071 and 2100. 

 

Unlike the common approaches in the literature, in this study, the coastline is redefined 

at each time step, and the land boundary is dynamically updated depending on the sea level 

change. Thus, the current slope value in the land direction for that moment is determined 

and used in the runup calculation. This method provides a more realistic representation than 

classical studies assuming the slope and land boundary are fixed. Therefore, the method used 

is defined as “improved first-order estimate of wave runup” as a more advanced derivative 

of the first-order estimate approaches in the literature. For slope calculations, the high-

resolution AW3D30 (Advanced Land Observing Satellite World 3D - 30m) digital surface 

elevation dataset developed by the Japan Aerospace Exploration Agency (JAXA) is used 

(JAXA, 2015). This dataset has a resolution of 30 m and is widely used in global coastal 

analyses. It is the dataset showing the lowest bias among the six DEMs (Digital Elevation 

Maps) and has an average margin of error of ~1.5-2 m when compared to LiDAR data 

(Almar et al., 2021). 
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The ESL is obtained by superimposition of TWL with 𝑅2 and analyzed with the 

bathtub approach to determine potential flood areas along the Black Sea coasts. In this 

approach, the calculated ESL is compared with the AW3D30 dataset; land cells with a 

surface elevation below this level are classified as potential flood areas. Flood area maps are 

created in a GIS environment based on the average and RP100 values of ESL. 

 

As a result, the method proposed in this study provides a framework that goes beyond 

the existing global and regional scale first-order runup estimations in the literature, which 

estimates wave contribution more precisely by considering the time-varying shoreline, slope 

variations, and regional wave conditions together. This improved approach, the dynamic 

shoreline-based approach, provides a significant methodological advance compared to 

studies based on constant slope assumptions, as it directly reflects the topographic variability 

present (Gomes da Silva et al., 2020; Melet et al., 2020; Vousdoukas et al., 2017). 

 

2.3.1.  Wave Runup Calculation 

 

In this study, wave runup calculations are performed based on 𝐻𝑠 and 𝑇𝑝 data obtained 

from hourly SWAN model outputs covering the period 2071–2100. Deep water wavelength 

(𝐿0) is derived from 𝑇𝑝 value. For each coastal grid point, the seaward direction is 

determined, and deep-water conditions are taken from the point located 0.08° (~8.88 km) 

offshore in this direction. The average water depth at this point is approximately 85 m in the 

Black Sea and can be considered as deep-water condition since it represents wave conditions 

free from effects such as refraction and island shadowing outside the continental shelf 

(Erikson et al., 2018). 

 

Area-averaged subaerial slope (𝛽) data are calculated using AW3D30 digital surface 

elevation. The area-averaged slope is generated by averaging the valid slope values within 

the 0.01°×0.01° block around each coastal grid point, similar to Almar et. al. (2021). This 

method may provide a more stable and physically meaningful coastal slope by reducing 

single-cell errors and representing the general features of the mesh areas of regional and/or 

global-scale studies. 
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The Iribarren number (𝜉) is calculated with the obtained 𝐻𝑠, 𝑇𝑝, and 𝛽 values, and the 

runup formula is selected according to the coast type. If the Iribarren number is low (𝜉 <

 0.3), the coast is classified as extremely dissipative and a different formula is applied. In 

runup calculations, the S06 empirical formulation is used (Gomes da Silva et al., 2020; 

Stockdon et al., 2023). The S06 formulas are  

𝑅₂ =  0.043 √(𝐻₀ 𝐿₀) for 𝜉 <  0.3, (2.28) 

𝑅2 = 1.1(0.35 𝛽 √(𝐻₀ 𝐿₀) + √(𝐻₀ (𝐿₀ (0.563 𝛽² +  0.004)))) for 𝜉 ≥  0.3, (2.29) 

for extremely dissipative and intermediate/reflective conditions, respectively. 𝐻₀ represents 

the deep-water wave height. 𝐿0 and 𝜉 are calculated using 

𝐿0 =  𝑔 𝑇ₚ2/ (2 𝜋), (2.30) 

𝜉 =  𝑡𝑎𝑛(𝛽) / √(𝐻₀ 𝐿₀), (2.31) 

respectively. Although the S06 formula was initially developed for specific coast types, e.g., 

low-lying sandy beaches, it is now widely used in global and regional flood analyses (Kirezci 

et al., 2020; Almar et al., 2021; Collings et al., 2024). 

 

The calculations are made for hourly time steps. The obtained 𝑅2 values are added 

linearly to the TWL of that time to calculate the ESL, similar to Stockton et al. (2006), 

Vousdoukas et al. (2017), Melet et al. (2018), Kirezci et al. (2020), Melet et al. (2020), Almar 

et al. (2021), and Collings et al. (2024). Since the nonlinear processes such as TE, SS, and 

climate change-induced sea level variations are already included in the TWL with the 

nonlinear interactions between them, only the wave-induced runup component, 𝑅2, is added 

linearly in the study. In this way, the integrity of the TWL is preserved, but the missing runup 

contribution is taken into account. 

 

After calculating hourly 𝑅2 values and ESL for the 2071–2100 period, annual maxima 

were extracted for each coastal point. To estimate RP100 levels, a Generalized Extreme 

Value (GEV) distribution was fitted to the annual maxima series of 𝑅2, TWL, and ESL 

separately. This approach enables consistent comparison across components and aligns with 

standard practice in coastal hazard studies (e.g., Vousdoukas et al., 2018; Melet et al., 2020). 
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3.  RESULTS 

 

 

 In this section, the results of the statistical analysis of TWL, SS, and TE, wave 

modeling, wave runup, and coastal flooding are presented. The interconnections among the 

three modules can be described as follows: the statistical analysis identifies the most critical 

sea among Türkiye’s regional seas and provides the corresponding TWL data, which are 

used as input for wave modelling. The wave model, in turn, supplies predicted wave 

characteristics that are utilized in the wave runup and coastal flooding assessments. Finally, 

coastal flood maps are generated along the coastline of the most critical sea by calculating 

the wave runup using an empirical formula. 

 

3.1.  Statistical Analysis 

 

3.1.1.  Time Series Data of the Regional Seas 

 

According to the coordinates of the four seas, the time series datasets are downsized. 

The latitude and longitude coordinates for the Marmara, Black, Aegean, and Mediterranean 

Seas are chosen as 40.3°N - 41.0°N and 26.8°E - 29.5°E, 40.2°N - 47.2°N and 27.5°E - 

41.9°E, 40.8°N and 22.6°E - 28.1°E, and 30.8°N - 36.9°N and 22.5°E - 36.2°E, respectively. 

Since the behaviors at all coastal data points should be taken into account when assessing on 

a country basis, it was decided to determine the coordinates of the four seas as landlocked 

as possible. Thus, while the Black (including the Sea of Azov), Marmara, and Aegean Seas 

are all covered, only the eastern part of the Mediterranean is covered. As a result, there are 

68, 1068, 1018, and 696 data points covering the Marmara, Black, Aegean, and 

Mediterranean Seas, respectively (Figure 1.1b). 

 

The 10-minute average and spatial maximum and minimum values of SS, TE, and 

TWL of the four seas in the mid and end-century periods are examined and shown in Figure 

3.1, Figure 3.2, and Figure 3.3, respectively. To find upper and lower peak envelopes in the 

seas, signal envelope analysis is applied to 10-minute maximum and minimum SS, TE, and 

TWL data. Envelopes are decided by applying spline interpolation on local maxima 

separated by at least the peak separation sample. To examine the deviations of the upper and 
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lower envelopes from the average values more clearly, annual sampling is applied by taking 

the peak separation parameter 52560. The highest deviations in SS and TWL data are 

observed in the Black Sea, whereas the highest deviations in TE data are observed in the 

Aegean Sea. 

 

The maximum TWL of the Black, Marmara, Aegean, and Mediterranean Seas until 

2100 can reach 3.75 m, 0.66 m, 1.26 m, and 1.65 m, respectively. SS and TE values with the 

same order are predicted to be 3.41 m, 0.24 m, 0.89 m, and 1.23 m, and 0.64 m, 0.46 m, 0.90 

m, and 0.73 m in these seas. The average TE for all seas is approximately 0.4 in 2100, except 

for the Mediterranean Sea. The TE values in the Mediterranean Sea oscillate between 0.2 

and 0.5 m towards 2100. It can be deduced that the primary difference among the four seas 

is the result of the SS residual. 

 

The time series data are analyzed with correlation, percentages, probability 

distribution, and trendline studies and discussed in the following sections. These analyses 

help decide the critical sea and determine which contributor is more important for which sea. 

 

 

Figure 3.1.  The SS and its envelopes of the Black Sea in (a) mid- and (b) end-century, 

Marmara Sea in (c) mid- and (d) end-century, Aegean Sea in (e) mid- and (f) end-century, 

and Mediterranean Sea in (g) mid- and (h) end-century periods. 
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Figure 3.2.  The TE and its envelopes of the Black Sea in (a) mid- and (b) end-century, 

Marmara Sea in (c) mid- and (d) end-century, Aegean Sea in (e) mid- and (f) end-century, 

and Mediterranean Sea in (g) mid- and (h) end-century periods. 

 

 

Figure 3.3.  The TWL and its envelopes of the Black Sea in (a) mid- and (b) end-century, 

Marmara Sea in (c) mid- and (d) end-century, Aegean Sea in (e) mid- and (f) end-century, 

and Mediterranean Sea in (g) mid- and (h) end-century periods. 
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3.1.2.  Correlation Analysis of Time Series Data 

 

Correlation coefficients between TWL and its components calculated within a 10-year 

window are shown in Figure 3.4. In the Black Sea, the correlation between SS and TWL 

remains strong across all future periods, except 2061-2070. A Pearson’s correlation 

coefficient of 0.75 or higher is generally interpreted as a strong relationship (Hinkel et al., 

2003), and during both extremely high and low conditions, this coefficient approaches ~0.99. 

In contrast, the correlation between TE and TWL is negligible under maximum and 

minimum conditions (approximately 0.05), while the mean TE shows a much stronger 

correlation with TWL (~0.89). These findings indicate that SS is the dominant component 

influencing TWL during extremes, whereas TE has a greater influence under average 

conditions. A similar pattern is observed in the Marmara Sea, although the contribution of 

average TE to TWL is weaker (~0.40), suggesting a relatively minor role compared to SS. 

 

 

Figure 3.4.  Heatmap of correlation coefficients of TWL components with TWL in the (a) 

Black, (b) Marmara, (c) Aegean, and (d) Mediterranean seas, adapted from Uzun and Otay 

(2025). 

 

In the Aegean Sea, both SS and TE exhibit strong correlations with TWL, indicating 

their comparable impact on sea level variability in the region. TE shows a stronger 

association under extreme conditions (~0.78), whereas SS is more closely related to TWL in 
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average conditions (~0.90). In the Eastern Mediterranean, SS and TE also display similarly 

strong correlations with TWL (~0.70) across most decadal periods, although under 

maximum conditions, SS reaches a higher correlation (~0.78) compared to TE (~0.50). A 

slight upward trend is observed in the maximum TE correlation over time, while the 

correlation associated with maximum SS decreases marginally. 

 

As illustrated in Figure 3.4, SS demonstrates the highest correlation with TWL in the 

Black Sea and Marmara Sea, whereas TE is more strongly correlated in the Mediterranean 

and Aegean Seas. Notably, in the Aegean Sea, TE maintains a stronger correlation than SS 

even under extreme conditions. In contrast, SS dominates in the Mediterranean Sea during 

both peak high and low conditions. 

 

The decade spanning 2061-2070 exhibits the lowest TWL correlation values across all 

sea regions. This drop may be attributed to the transition between RCPs used in the climate 

projections. Specifically, the period of 2061-2070 corresponds to the terminal phase of 

RCP8.5, marked by high emissions and rapid climate shifts, while the subsequent decade 

(2071-2080) aligns with the more moderate RCP4.5 scenario. This shift introduces 

differences in the projected behavior of TWL, SS, and TE, stemming from distinct emissions 

trajectories and modeling assumptions. RCP8.5 tends to produce more pronounced and 

fluctuating impacts, while RCP4.5 reflects a more stabilized climate response. 

Consequently, this transition likely affects the internal dynamics among these variables and 

may explain the temporary weakening of their correlations. Furthermore, during that decadal 

period, while the correlation coefficients of SS decrease, those of TE slightly increase. This 

may be explained by the dominance of long-term impacts of climate change over its effects 

on instantaneous events in 2061-2070. 

 

3.1.3.  TE and SS Fractions of TWL 

 

The results of the TE and SS fractions of TWL in the regional seas are shown in Figure 

3.5. In descending order, the maximum SS percentages to TWL in these seas are as follows: 

Black, Mediterranean, Aegean, and Marmara Seas with approximate average percentages of 

90%, 75%, 50%, and 35%, respectively. This descending order for the maximum TE 
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percentages is Aegean, Marmara, Mediterranean, and Black Seas, with approximate average 

percentages of 75%, 70%, 50%, and 20%, respectively. 

 

The percentage change over the years shows that the percentage of the maximum TE 

in each sea is increasing as the water level is predicted to continuously increase due to 

climate change. The RCP8.5 scenario, 2041-2070, shows more dramatic changes in 

percentages of both SS and TE for all seas because climate change worsens quickly in this 

scenario. However, the changes between 2071-2100, the RCP4.5 scenario, are softer as this 

scenario is more optimistic. 

 

 

Figure 3.5.  The (a) SS and (b) TE fractions of TWL, adapted from Uzun and Otay (2025). 

 

3.1.4.  Trendlines of Time Series Data 

 

Trendlines of annual average, maximum, and minimum values of TWL, SS, and TE 

are obtained using the linear least squares regression method for the four seas in historical 

(1977-2005), mid-century (2041-2070), and end-century (2071-2100) periods are shown in 

Figure 3.6, Figure 3.7, and Figure 3.8, respectively. The slopes, intercepts, and RMSD values 

of these trendlines are shown in Table 3.1 for the historical period and Table 3.2 for the 

future periods.  
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In the historical period, TE trendlines have zero slope, which means they are stable.  

The ranges between minimum and maximum TE values in the Black, Marmara, Aegean, and 

Mediterranean Seas are -0.2 - 0.2 m, -0.05 - 0.15 m, -0.5 - 0.5 m, and -0.3 - 0.3 m, 

respectively (Figure 3.6). There is no considerable change in average SS and TWL values 

through the historical period. However, the trends and RMSD values of maximum and 

minimum values of SS and TWL indicate more dynamic behavior, especially in the Black 

Sea. The four seas’ maximum TWL values have a decreasing trend, while the maximum SS 

in the Aegean Sea has an increasing trend. The Black Sea seems to have an increasing trend 

in the maximum SS. However, this is a miscalculation due to the incorrect SS data in the 

dataset at the beginning of the historical period. Considering the almost constant maximum 

TE values and the similar up-and-down movements of the SS and TWL data in the Black 

Sea through this period, it is reasonable to conclude that the maximum SS data has a 

decreasing trend similar to the maximum TWL data. 

 

The slopes of the average TE trendlines in the mid-century period for the four seas are 

almost the same (Figure 3.7). The increase in the average TE is ~6.5 mm/year. For the 

maximum TE trendlines in the mid-century period, the slope has the highest value of 7.4 

mm/year in the Black Sea and ~6.5 mm/year in the other three seas. However, the Aegean 

and Mediterranean seas still have the highest maximum TE values in 2070 due to their higher 

values in 2041. The slopes of the minimum TE trendlines of the Marmara, Black, Aegean, 

and Mediterranean seas are 6.5 mm/year, 6.4 mm/year, 6.3 mm/year, and 5.9 mm/year, 

respectively (Table 3.2). 

 

The slopes of the average SS trend lines for the four seas are almost 0 in the mid-

century period, meaning the mean value does not change significantly (Figure 3.7). The 

maximum SS value in the Black Sea increases with a slope of 22.7 mm/year, while those in 

the other seas slightly decrease (Table 3.2). While minimum SS values show a small decrease 

in the Black, Marmara, and Aegean Seas, they remain almost the same in the Mediterranean. 

However, unlike TE values, the maximum and minimum SS values have significant 

deviations (residuals) from the trendline regardless of the increasing or decreasing trends 

(Figure 3.7) because the SS has a short-term response as well as a long-term response to 

changes in atmospheric phenomena. 

 



52 

 

The average TWL trendlines in the mid-century period for the four seas increase at 

almost the same rate of around 6 mm/year (Figure 3.7 and Table 3.2). The seas with the 

slopes of the maximum TWL trendlines in decreasing order are the Black Sea (29.3 

mm/year), Marmara Sea (5.8 mm/year), Aegean Sea (5.1 mm/year), and Mediterranean Sea 

(4.4 mm/year). The minimum TWL values in the Black, Aegean, Marmara, and 

Mediterranean Seas increase with slopes of 6.8 mm/year, 6 mm/year, 5.9 mm/year, and 5.6 

mm/year, respectively. 

 

The slopes of the average TE trendlines in the end-century period for the four seas are 

almost the same (Figure 3.8). The increase in the average TE is ~4.6 mm/year, which is 

smaller than that value in the mid-century period. This decrease arises from the difference 

between the RCP8.5 and RCP4.5 scenarios. For the maximum TE trendlines in the end-

century period, the slope has a value of 4.8 mm/year in the four seas. However, the Aegean 

and Mediterranean seas still have the highest maximum TE values in 2100 due to their higher 

values in 2071. The slope of the minimum TE trendlines of the four seas is around 4.5 

mm/year (Table 3.2). In addition, there are negligible deviations from the trendline in the 

mid and end-century periods, which indicates a continuous increase in the TE data. Hence, 

instead of the extreme value indicators such as return period, the highest values of TE data 

should be considered while investigating coastal flood hazards. 

 

The slopes of the average SS trendlines for the four seas are almost 0 in the end-century 

period, meaning the mean value does not change significantly (Figure 3.8). The maximum 

SS values in the Black and Marmara Seas increase with a slope of 11.6 mm/year and 2.2 

mm/year, respectively, while those in the Aegean (-3.5 mm/year) and Mediterranean Seas 

(3 mm/year) decrease (Table 3.2). While the minimum SS value shows a considerable 

downward trend in the Black Sea (-14.7 mm/year), it slightly decreases in the other seas. 

Furthermore, as observed in the mid-century period, the maximum and minimum SS values 

significantly differ from the trendline regardless of the increasing or decreasing trends. 



 

 

Figure 3.6.  Trendlines of annual average, maximum, and minimum values of SS in (a) Black, (b) Marmara, (c) Aegean, and (d) 

Mediterranean seas, TE in (e) Black, (f) Marmara, (g) Aegean, and (h) Mediterranean seas, and TWL in (i) Black, (j) Marmara, (k) Aegean, 

and (l) Mediterranean seas for the historical period, adapted from Uzun and Otay (2025). 



 

 

Figure 3.7.  Trendlines of annual average, maximum, and minimum values of SS in (a) Black, (b) Marmara, (c) Aegean, and (d) 

Mediterranean seas, TE in (e) Black, (f) Marmara, (g) Aegean, and (h) Mediterranean seas, and TWL in (i) Black, (j) Marmara, (k) Aegean, 

and (l) Mediterranean seas for the mid-century period, adapted from Uzun and Otay (2025). 

 



 

 

 

Figure 3.8.  Trendlines of annual average, maximum, and minimum values of SS in (a) Black, (b) Marmara, (c) Aegean, and (d) 

Mediterranean seas, TE in (e) Black, (f) Marmara, (g) Aegean, and (h) Mediterranean seas, and TWL in (i) Black, (j) Marmara, (k) Aegean, 

and (l) Mediterranean seas for the end-century period, adapted from Uzun and Otay (2025). 
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Table 3.1.  Slope, intercept, and RMSD of the trendlines for the historical period. 

   Black Sea Marmara Sea Aegean Sea Mediterranean Sea 

TWL 

Avg 

Slope 0.0001 0.0001 0.0006 0.0005 

Intercept -0.1239 -0.0994 -1.1288 -1.0062 

RMSD 0.0049 0.0061 0.0101 0.0076 

Max 

Slope -0.0341 -0.0026 -0.0035 -0.0163 

Intercept 69.7932 5.3832 7.6834 33.0199 

RMSD 0.4667 0.0279 0.0411 0.1432 

Min 

Slope 0.0329 0.0014 0.0029 0.0036 

Intercept -67.6336 -2.8233 -6.3873 -7.7454 

RMSD 0.4496 0.0204 0.0582 0.0814 

TE 

Avg 

Slope 0.0000 0.0000 0.0000 0.0000 

Intercept 0.0030 -0.0009 0.0526 0.0745 

RMSD 0.0001 0.0008 0.0018 0.0027 

Max 

Slope 0.0000 0.0000 0.0000 0.0001 

Intercept 0.2235 0.1197 0.3883 0.1379 

RMSD 0.0021 0.0000 0.0053 0.0083 

Min 

Slope 0.0000 0.0000 0.0000 -0.0001 

Intercept -0.1628 -0.0046 -0.4472 -0.2124 

RMSD 0.0020 0.0004 0.0058 0.0050 

SS 

Avg 

Slope 0.0001 0.0000 0.0006 0.0005 

Intercept -0.1257 -0.0972 -1.1351 -1.0123 

RMSD 0.0049 0.0062 0.0101 0.0076 

Max 

Slope 0.0182 -0.0014 0.0007 -0.0018 

Intercept -34.6502 3.0183 -0.8656 4.1584 

RMSD 0.8107 0.0295 0.0743 0.1913 

Min 

Slope -0.0410 0.0005 0.0001 0.0017 

Intercept 79.8967 -1.1832 -0.5911 -3.7782 

RMSD 0.6714 0.0204 0.0641 0.1226 



 

 

Table 3.2.  Slope, intercept, and RMSD for mid- and end-century of the trendlines for the future period. 

   Black Sea Marmara Sea Aegean Sea Mediterranean Sea 

mid end mid end mid end mid end 

TWL 

Avg 
Slope 0.0060 0.0046 0.0060 0.0047 0.0063 0.0048 0.0065 0.0050 

Intercept -12.0182 -9.1937 -12.0100 -9.5074 -12.6471 -9.7240 -13.0077 -10.1074 

RMSD 0.0114 0.0072 0.0086 0.0074 0.0110 0.0154 0.0089 0.0126 

Max 
Slope 0.0293 0.0155 0.0058 0.0070 0.0051 0.0045 0.0044 0.0008 

Intercept -57.4624 -29.5873 -11.5155 -14.0438 -9.6154 -8.3067 -7.9165 -0.4404 

RMSD 0.3869 0.4593 0.0359 0.0258 0.0490 0.0782 0.1663 0.1800 

Min 
Slope 0.0068 -0.0109 0.0059 0.0043 0.0060 0.0047 0.0056 0.0056 

Intercept -16.2697 20.2147 -12.0395 -8.7080 -12.8003 -10.0583 -11.6765 -11.8222 

RMSD 0.5792 0.7892 0.0226 0.0322 0.0417 0.0424 0.0390 0.0388 

TE 

Avg 
Slope 0.0065 0.0045 0.0065 0.0046 0.0064 0.0046 0.0065 0.0048 

Intercept -13.0610 -9.1237 -13.1035 -9.2914 -12.9762 -9.2550 -13.0975 -9.5822 

RMSD 0.0033 0.0038 0.0041 0.0038 0.0040 0.0036 0.0040 0.0041 

Max 
Slope 0.0074 0.0048 0.0066 0.0048 0.0064 0.0048 0.0064 0.0048 

Intercept -14.6720 -9.5370 -13.2744 -9.5372 -12.3752 -9.2287 -12.5705 -9.2777 

RMSD 0.0063 0.0044 0.0034 0.0036 0.0069 0.0047 0.0074 0.0072 

Min 
Slope 0.0064 0.0043 0.0065 0.0045 0.0063 0.0047 0.0059 0.0042 

Intercept -13.0365 -8.8603 -13.0174 -9.1022 -13.1574 -9.8434 -12.1072 -8.6615 

RMSD 0.0061 0.0046 0.0040 0.0037 0.0060 0.0049 0.0088 0.0066 

SS 

Avg 
Slope -0.0005 0.0000 -0.0005 0.0001 -0.0002 0.0002 -0.0001 0.0002 

Intercept 1.0428 -0.0701 1.0935 -0.2160 0.3291 -0.4690 0.0898 -0.5252 

RMSD 0.0106 0.0060 0.0079 0.0071 0.0111 0.0150 0.0085 0.0112 

Max 
Slope 0.0227 0.0116 -0.0008 0.0022 -0.0026 -0.0035 -0.0020 -0.0030 

Intercept -44.1287 -21.9058 1.7749 -4.5127 5.7493 7.7103 4.9481 7.0663 

RMSD 0.3864 0.4555 0.0365 0.0250 0.0837 0.1027 0.1617 0.1711 

Min 
Slope -0.0005 -0.0147 -0.0006 -0.0002 -0.0006 -0.0016 0.0001 -0.0014 

Intercept -1.6993 27.8829 1.1585 0.2691 0.9029 2.9926 -0.6337 2.5148 

RMSD 0.5754 0.7893 0.0232 0.0285 0.0533 0.0541 0.0796 0.0824 
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The average TWL trendlines in the end-century period for the four seas increase at 

almost the same rate of around 4.8 mm/year (Figure 3.8 and Table 3.2). The seas with the 

slopes of the maximum TWL trendlines in decreasing order are the Black Sea (15.5 

mm/year), Marmara Sea (7 mm/year), Aegean Sea (4.5 mm/year), and Mediterranean Sea 

(0.8 mm/year). The minimum TWL value in the Black Sea decreases with a slope of -1.1 

mm/year, while those in the Aegean, Marmara, and Mediterranean Seas increase with slopes 

of 4.7 mm/year, 4.3 mm/year, and 5.6 mm/year, respectively.  

 

RMSD values for the four seas in the mid and end-century periods can be seen in Table 

3.2. These RMSD values quantify the deviations from the trendlines in Figure 3.7 and Figure 

3.8. Maximum and minimum TWL and SS in the Black Sea have the highest RMSD values. 

In addition, small values of RMSD are observed in all TE graphs due to the small residuals. 

For the maximum values of the TWL and SS data, there is an increase between the RMSD 

values of mid- and end-century periods, except for the Marmara Sea. In addition, overall 

RMSD values in the historical period are less than RMSD values in the mid and end-century 

periods. This analysis proves that climate change considerably affects the maxima and 

minima of TWL and SS rather than their mean values. 

 

3.1.5.  Probability Distribution 

 

This part of the analysis explores how the PD characteristics of TWL, SS, and TE 

differ across the four regional seas and how these characteristics shift under future climate 

scenarios. To evaluate these differences, the key statistical moments, the mean, std, 

skewness, and kurtosis, are examined.  

 

Figure 3.9, Figure 3.10, and Figure 3.11 illustrate the histogram distributions of SS, 

TE, and TWL time series for the Black, Marmara, Aegean, and Mediterranean seas, spanning 

three periods. The mean of each time series is used to represent the expected long-term 

average. In this context, the evolution of mean TWL, SS, and TE values is tracked through 

the historical, mid-century, and end-century periods. During the historical period, the spatial 

mean, maximum, and minimum values for all three variables show relatively minor 

variation, as summarized in Table 3.3. The largest deviations occur in the Black Sea, where 
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the gap between the mean of maximum and minimum TWL reaches 0.57 m, and for SS, this 

difference is 0.52 m. 

 

 

Figure 3.9.  (a-c) Min, avg, and max SS histograms of the Black, (d-f) Marmara, (g-i), 

Aegean, and (j-l) Mediterranean Seas in the historical, mid-century, and end-century 

periods (Uzun and Otay, 2025). 

 

Projections for the mid-century and end-century periods indicate that the Black Sea 

continues to experience the highest mean TWL values, rising from 0.53 m to 0.62 m across 

the two future intervals. The Aegean, Mediterranean, and Marmara seas follow with values 

of 0.41 m (0.51 m), 0.39 m (0.48 m), and 0.28 m (0.38 m), respectively (Figure 3.11). For 

the maximum SS, the mean values during the same periods are 0.26 m (0.25 m) in the Black 

Sea, 0.06 m (0.05 m) in the Aegean, 0.07 m (0.06 m) in the Mediterranean, and 0.02 m (0.01 

m) in the Marmara (Figure 3.9). In contrast, maximum TE means show a slight increase over 

time, with values rising to 0.33 m (0.44 m) in the Black Sea, 0.41 m (0.52 m) in the Aegean, 

0.37 m (0.46 m) in the Mediterranean, and 0.27 m (0.37 m) in the Marmara (Figure 3.10). 

Among all regions, the Marmara Sea consistently records the lowest average values across 

all three indicators. Importantly, a general upward trend is observed in TWL and TE means 

through time, while SS means tend to decline. 

 

The std describes how much the values deviate from the mean within a dataset. When 

the std is higher, it means data points are more spread out, indicating increased variability. 
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In the future periods, std values generally rise compared to the historical baseline, reflecting 

more unstable sea level components. Among the studied basins, the Black Sea stands out 

with the highest standard deviations, reaching 0.27 m for maximum TWL and SS, and up to 

0.41 m for their minimum counterparts, pointing to considerable fluctuations. The Aegean 

and Mediterranean seas also display relatively high std values for maximum TWL (~0.12 

m), while the Marmara Sea shows much lower variability across all indicators (Table 3.3). 

 

Skewness, on the other hand, reveals how asymmetrical a distribution is. Distributions 

with skewness above +0.5 are considered right-skewed, where the right tail (higher values) 

is more extended. Values below -0.5 indicate left-skewness, where unusually low values 

stretch the distribution’s left side. Overall, the average SS, TE, and TWL across time appear 

approximately symmetric (Figure 3.9, Figure 3.10, and Figure 3.11), suggesting balanced 

data distributions. Similarly, the spatial maxima and minima of TE show minimal skewness. 

For spatial maximum SS, however, strong right-skewness is evident across the seas and 

periods, with skewness values between 0.82 and 2.70, highlighting the influence of high SS 

outliers. In the minimum SS and TWL distributions of future periods, skewness is weak in 

most basins, except in the Black Sea, which uniquely shows both strongly left-skewed and 

right-skewed distributions, reaching –2.58 and +2.97. Future maximum TWL distributions 

also show slight right-skewness in most basins. However, the Black Sea emerges with the 

most asymmetric pattern, with skewness values exceeding 2.6, primarily due to heavily 

skewed maximum SS (Table 3.3). 

 

Kurtosis is a measure used to understand how concentrated or flattened a distribution 

is compared to a normal distribution (which has a kurtosis of 3). Distributions with values 

above 3 are classified as heavy-tailed, meaning they include more extreme values, while 

values below 3 indicate fewer outliers and a flatter profile. In both historical and projected 

future conditions, TE distributions tend to remain near-symmetric or lightly tailed, 

suggesting a limited presence of outliers. The Marmara Sea generally exhibits kurtosis 

values close to 3, except its maximum SS reaches 4.20 by the end of the century. By contrast, 

the Black Sea displays extremely peaked distributions for both SS and TWL extremes in 

future projections. Maximum kurtosis values range between 11.22 and 16.62, especially for 

maximum TWL and SS, indicating significant tail heaviness. Aegean and Mediterranean 

maximum SS distributions are also highly peaked, with kurtosis values around 8 (Table 3.3). 
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Figure 3.10.  (a-c) Min, avg, and max TE histograms of the Black, (d-f) Marmara, (g-i), 

Aegean, and (j-l) Mediterranean Seas in the historical, mid-century, and end-century 

periods (Uzun and Otay, 2025). 

 

 

Figure 3.11.  (a-c) Min, avg, and max TWL histograms of the Black, (d-f) Marmara, (g-i), 

Aegean, and (j-l) Mediterranean Seas in the historical, mid-century, and end-century 

periods (Uzun and Otay, 2025). 
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3.1.6.  Tidal Indicators 

 

Figure 3.12 displays the epoch-mean MHHW and the epoch-maximum HAT for both 

the historical and end-century periods. The spatial variability of these tidal indicators reveals 

a strong dependence on geographic location, particularly evident in the Aegean and 

Mediterranean seas by the end of the century. In contrast, the Black Sea and Marmara Sea 

demonstrate more spatially uniform patterns, which can be attributed to their relatively 

enclosed nature and limited exchange with larger oceanic systems. The change between the 

historical and future periods ranges from 0 to 0.1 m for MHHW, and from –0.05 to 0.1 m 

for HAT. These small differences suggest only modest shifts in tidal levels over time. 

Overall, the variation in tidal range across the four regional seas within this subdomain of 

the six CORDEX regions remains relatively limited in future projections. 

 

3.1.7.  Epoch-mean MSL 

 

Figure 3.13 illustrates the epoch-mean MSL for the historical and end-century periods. 

The spatial pattern of epoch-mean MSL shows substantial location dependence, particularly 

in the Aegean and Mediterranean seas, where values in the end-century period range from 

approximately 0.3 m to 0.4 m. In contrast, the Black and Marmara Seas display relatively 

uniform sea level patterns, reflecting their more enclosed basin characteristics. The 

difference map in Figure 3.13 indicates a consistent MSL rise across all four seas, with 

increases falling within the range of 0.2 to 0.4 meters. 

 

3.1.8.  Extreme Value Indicators 

 

As seen in Figure 3.14, RP1 SS values between the historical and end-century periods 

slightly increase with the maximum difference value of 0.1 m at the northeastern part of the 

Sea of Azov or do not change. In RP10 and RP100 SS values, the differences get higher. 

These differences range between -0.25 – 0.25 m in RP10 and -0.4 – 0.5 m in RP100. In the 

Marmara and Mediterranean Seas, the SS values slightly change in the order of a few 

centimeters. The Black and Aegean Seas, except their northern areas, experience small 

changes in the SS values. 



 

 

Table 3.3.  Moments of PDs in the historical, mid-century, and end-century periods. 

   µ (m) std (m) skewness kurtosis 

   hist mid end hist mid end hist mid end hist mid end 

B
la

c
k

 S
e
a
  

TWL 
Avg -0.0051 0.2522 0.3482 0.0088 0.0529 0.0416 -0.2118 0.1647 0.0569 3.6366 1.8802 2.1010 

Max 0.2714 0.5264 0.6196 0.1962 0.2656 0.2581 3.3707 2.6625 2.6994 19.2804 14.2324 14.4907 

Min -0.2966 -0.1160 -0.0079 0.3198 0.4163 0.4008 -2.8253 -2.5726 -2.9494 13.3828 11.2673 16.6214 

SS 
Avg -0.0087 -0.0093 -0.0114 0.0094 0.0146 0.0106 -0.1317 1.6371 -0.3146 3.4892 8.9326 3.3695 

Max 0.2159 0.2641 0.2476 0.2237 0.2670 0.2614 2.6720 2.6918 2.7000 13.8797 14.1424 14.2065 

Min -0.2964 -0.3623 -0.3601 0.3251 0.4149 0.4015 -2.7587 -2.5825 -2.9699 12.9379 11.2150 16.5861 

TE 
Avg 0.0037 0.2627 0.3596 0.0029 0.0564 0.0397 -0.1235 -0.0060 0.1007 2.4588 1.7129 1.8981 

Max 0.1732 0.3288 0.4365 0.0007 0.0693 0.0569 17.3085 0.2241 0.2867 363.794 2.4318 2.6820 

Min -0.0720 0.1820 0.2914 0.0338 0.0691 0.0527 -0.4274 0.0196 -0.1679 2.4808 2.3508 2.5946 

M
a

rm
a
r
a
 S

ea
 

TWL 
Avg 0.0067 0.2667 0.3659 0.0357 0.0640 0.0563 0.3754 0.2030 0.3439 3.9737 2.5700 3.1288 

Max 0.1202 0.2817 0.3771 0.0033 0.0614 0.0574 15.2103 0.3644 0.4371 281.538 2.6867 3.3312 

Min -0.0049 0.2541 0.3546 0.0359 0.0635 0.0562 0.2145 0.2247 0.3097 3.6964 2.5608 3.0687 

SS 
Avg 0.0023 0.029 0.0009 0.0361 0.0388 0.0381 0.4703 0.6825 0.7076 3.9948 3.6306 3.8880 

Max 0.0196 0.0174 0.0109 0.0291 0.0393 0.0403 1.7053 0.7862 0.8210 7.4037 3.6560 4.1988 

Min -0.0165 -0.0090 -0.0092 0.0235 0.0365 0.0372 -0.8587 0.6580 0.6517 6.1054 3.7816 3.8796 

TE 
Avg 0.0045 0.2651 0.3650 0.0100 0.0567 0.0405 0.5709 -0.0656 0.1037 2.5647 1.6856 1.8374 

Max 0.1197 0.2707 0.3707 0.0000 0.0569 0.0406 - -0.0634 0.1039 - 1.6934 1.8543 

Min -0.0029 0.2589 0.3593 0.0104 0.0569 0.0406 0.4201 -0.0587 0.1019 2.5788 1.7016 1.8519 

A
e
g

ea
n

 S
e
a
 

TWL 
Avg -0.0155 0.2414 0.3429 0.0887 0.1097 0.1050 -0.0338 0.0506 0.0241 3.3941 3.0341 3.3141 

Max 0.1470 0.4076 0.5117 0.1161 0.1293 0.1246 1.0661 0.8584 0.9819 3.6772 3.6176 3.8875 

Min -0.1637 0.0922 0.1931 0.1249 0.1437 0.1402 -0.8901 -0.6547 -0.7182 3.3312 3.1214 3.1730 

SS 
Avg -0.0191 -0.0277 -0.0282 0.0774 0.0875 0.0880 0.4896 0.0918 0.0886 4.1991 3.5770 3.6767 

Max 0.0613 0.0580 0.0541 0.0650 0.0628 0.0630 1.9414 1.8980 1.9531 7.9442 8.4341 8.6555 

Min -0.0758 -0.0809 -0.0818 0.0610 0.0713 0.0715 -1.1018 -0.9499 -1.0343 4.7599 3.7128 3.9401 

TE 
Avg 0.0025 0.2710 0.3711 0.0479 0.0682 0.0560 -0.1196 -0.1073 -0.0553 2.5553 2.3433 2.5029 

Max 0.1414 0.4149 0.5188 0.1088 0.1187 0.1102 0.9283 0.7179 0.8897 3.0104 3.0128 3.1658 

Min -0.1354 0.1328 0.2333 0.1107 0.1222 0.1164 -1.0122 -0.7531 -0.8938 3.1036 3.0402 3.1275 

M
e
d

it
e
rr

a
n

ea
n

 S
ea

 

TWL 
Avg -0.0123 0.2580 0.3562 0.1011 0.1214 0.1168 -0.0740 -0.0382 -0.0634 2.8412 2.7819 2.8816 

Max 0.1634 0.3908 0.4792 0.0582 0.1246 0.1227 2.9672 0.7718 0.6063 19.8451 4.7001 4.5855 

Min -0.0961 0.1652 0.2571 0.0952 0.1177 0.1164 -0.4987 -0.3024 -0.3252 3.2989 3.0281 3.0875 

SS 
Avg -0.0152 -0.0234 -0.0218 0.0622 0.0787 0.0786 0.4387 -0.2998 -0.2579 4.5324 3.0275 3.2169 

Max 0.0664 0.0667 0.0656 0.0766 0.1029 0.1022 2.5205 1.2800 1.1203 14.6738 8.4620 7.7341 

Min -0.0591 -0.0713 -0.0670 0.0565 0.0789 0.0792 -0.8099 -0.5549 -0.4888 5.4548 3.5806 3.6081 

TE 
Avg 0.0016 0.2827 0.3779 0.0819 0.0934 0.0857 0.1072 0.0378 0.0750 2.3735 2.4633 2.4224 

Max 0.1427 0.3666 0.4580 0.0390 0.0804 0.0708 1.6577 0.4455 0.4349 6.6468 2.6895 2.8208 

Min -0.0696 0.2013 0.2841 0.0750 0.0883 0.0883 -0.6170 -0.2723 -0.2465 2.7783 2.7016 2.5671 
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Figure 3.12.  (a-b) Historical, (c-d) future, and (e-f) difference values between future and 

historical periods of MHHW and HAT, respectively, adapted from Uzun and Otay (2025). 

 

There is a decrease in the future RP10 and RP100 SS values in shallow areas of the 

seas, such as the northern parts of the Black, Aegean, and Azov Seas, which is mainly the 

result of changes in water depth as well as changes in wind characteristics. It can be 

concluded that a small decrease may be observed in the future in regions with extreme SS 

values in the current climate. 

 

The future TWL increases in all RPs (Figure 3.15). The increase in TWL shows that 

extreme water levels are growing and becoming more frequent. The difference between the 
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TWL of the historical and end-century periods ranges between 0.15 - 0.4 m in RP1, 0.1 - 0.6 

m in RP10, and 0 - 0.9 m in RP100. In RP10 and RP100, the locations with the highest TWL 

values, the northern part of the Black Sea, including the Sea of Azov, are the same as the 

locations with the highest SS values. However, in RP1, the locations with the high TWL 

values are the reverse of those with the high SS values. That can be explained by the 

superposition of the TE and SS data since MHHW and MSL in the future period (Figure 

3.12 and Figure 3.13) have the smallest values at the locations with the smallest RP1 TWL 

values. 

 

Figure 3.13.  Epoch-mean MSL in (a) the historical and (b) end-century periods and (c) 

their difference, adapted from Uzun and Otay (2025). 
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Figure 3.14.  RP100, RP10, and RP1 SS of (a-c) the historical and (d-f) end-century 

periods and (g-i) their difference, respectively, modified from Uzun and Otay (2025). 

 

3.1.9.  Country Coasts 

 

Figure 3.16 presents box plots of SS time series data, encompassing spatial and 

temporal mean, maximum, and minimum values along the coastlines of countries bordering 

the four seas, across three distinct periods. The median and mean values consistently drift 

around zero for all countries and epochs, indicating that the dataset captures a comprehensive 

range of wind conditions, not limited to storm events. This balanced inclusion of both calm 

and stormy conditions results in a symmetric distribution of SS values, maintaining stable 

central tendencies over time. 

 

While the central tendencies remain stable, the variability and extremes of SS, depicted 

by the interquartile range, whiskers, and outliers, offer deeper insights into changes in SS 

behavior. A slight expansion in the interquartile range and whiskers across all countries 
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suggests a modest increase in variability over time, likely influenced by evolving 

atmospheric and climatic conditions affecting SS patterns. 

 

 

Figure 3.15.  RP100, RP10, and RP1 TWL of (a-c) the historical and (d-f) end-century 

periods and (g-i) their difference, respectively, modified from Uzun and Otay (2025). 

 

Notably, the outliers, along with the maximum and minimum values, exhibit more 

significant changes, highlighting an intensification of extreme storm surge events in certain 

regions. These changes are particularly relevant when assessing the heightened vulnerability 

associated with climate change-induced alterations in SS. Outliers increase along most 

coastlines, except those of the GE, RU, and TR-BS coastlines. In the end-century period, the 

most pronounced SS values are observed along the Russian (up to 3.4 m) and Ukrainian (up 

to 3 m) coasts, primarily attributed to the Azov Sea region. Conversely, certain coastlines, 

such as those of RO, EG, and IL/PS, exhibit a decrease in outliers in the end-century period 

compared to the mid-century. In the Aegean Sea, the GR and TR-AS coasts show similar SS 

values around 0.9 m in the end-century period. Along the Mediterranean Sea, the Egyptian 
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coast stands out with SS values reaching 1.2 m in the end-century, while the TR-MS coast 

consistently displays the lowest SS values across all periods. 

 

 

Figure 3.16.  SS box plots of the coasts of the countries surrounding the regional seas 

(Each box contains a vertical line representing the median values), adapted from Uzun and 

Otay (2025). 
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Figure 3.17 and Figure 3.18 illustrate the changes in extreme values (RP100) between 

the historical and end-century periods along the coastlines within the study region. Figure 

3.17 highlights the changes in RP100 TWL. The most significant increases are projected for 

the Ukrainian coasts of the Azov Sea, ranging from -100 mm to +920 mm, indicating that 

the highest rise in extreme TWL by the end of the century could reach 920 mm above current 

levels. Along the Black Sea coast, the Romanian shores experience the highest increase, up 

to 440 mm above present extreme values. In other Black Sea countries, the maximum 

projected increase in extreme TWL is 430 mm or less (Table 3.4). 

 

For the Mediterranean Sea coast, the Turkish coastline is projected to see the highest 

increase in extreme TWL by the end of the century, reaching 540 mm above current levels, 

while other countries in the region may experience increases ranging between 390 mm and 

520 mm. The coasts along the Aegean and Marmara Seas are expected to exhibit similar 

increases of approximately 450 mm. 

 

Mirroring the trends in TWL, the most substantial changes in RP100 SS are also 

anticipated along the Ukrainian coasts of the Azov Sea, as depicted in Figure 3.18. By the 

end of the century, extreme SS on the southwestern shores of the Azov Sea could rise by 590 

mm above current levels. Conversely, the northern shore of the Azov Sea, also part of 

Ukraine, may experience a maximum decrease of 480 mm. The Ukrainian Black Sea coast 

is projected to see variations in extreme SS ranging from -410 mm to +230 mm. In other 

Black Sea countries, the second maximum projected increase in extreme SS is 160 mm for 

the Turkish coast, with other nations expecting changes not exceeding -210 mm and 110 

mm. 

 

Along the Marmara Sea coasts, SS changes are projected to range from -40 mm to 200 

mm. In the Aegean Sea, the Greek coast is expected to experience the highest increase in 

RP100 SS values, reaching up to 170 mm above current levels, while the Turkish Aegean 

coast may observe a decrease in extreme SS values. In the Mediterranean Sea, the Turkish 

coast is projected to have the highest increase in SS values at 230 mm, whereas other 

countries in the region are not expected to exhibit significant changes. 
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Figure 3.17.  Difference of RP100 TWL between the end-century and historical periods 

along the coastlines, adapted from Uzun and Otay (2025). 

 

Monitoring extreme TWL and SS in coastal areas is crucial, as severe weather systems 

primarily drive them. Depending on the location, RP100 SS may increase or decrease along 

the coasts. However, RP100 TWL is projected to increase in all countries, except for certain 

parts of the Ukrainian coasts along the Black and Azov Seas, where a significant drop in SS 

values is expected. The largest flood area due to extreme TWL and SS is expected on the 

southwestern shores of the Azov Sea. In this area, a 112 km low-lying barrier island, the 

Arabat Spit, may be particularly vulnerable to flooding. Additionally, the Romanian coast, 

including the Danube River (-0.10 m), the Ukrainian coast with the Dnieper River (-0.25 m), 

and the Egyptian coast encompassing the Nile River (-0.05 m) (ElKotby et al., 2024) are 

projected to experience decreases in extreme SS and minimal changes in extreme TWL. 
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Figure 3.18.  Difference of RP100 SS between the end-century and historical periods along 

the coastlines, adapted from Uzun and Otay (2025). 

 

3.2.  Wave Modeling 

 

3.2.1.  Calibration Results 

 

To calibrate the wave model forced with the high-resolution DMI-HIRHAM5 RCM 

wind data, the 𝐶𝑑𝑠2 coefficient with the Komen scheme for whitecapping and wind input 

formulations was tested for 10 years between 1986 and 1995 for five different values, which 

are 0.8E-5, 2.36E-5, 3.0E-5, 3.5E-5, and 4.0E-5. The results of these five different 

simulations were compared with the ERA5 reanalysis wave data. Error statistics, including 
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bias, ND, RMSE, MAE, SI, and HH index, were spatially evaluated for the Black Sea and 

the Sea of Azov. 

 

Table 3.4.  Differences of RP100 TWL and SS between the end-century and historical 

periods. 

  TWL (mm) SS (mm) 

 Country min max min max 

Black Sea 

BG 260 380 -110 50 

GE 240 290 -130 -70 

RO 360 440 -30 110 

RU 140 290 -210 -70 

TR-BS 290 420 -70 160 

UA -70 430 -410 230 

Azov Sea 
RU 310 640 -30 290 

UA -100 920 -480 590 

Marmara Sea TR-MS 330 450 -40 200 

Aegean Sea 
GR 220 480 -210 170 

TR-AS 330 450 -180 40 

Mediterranean 

Sea 

CY 370 450 0 30 

EG 340 520 -110 80 

IL/PS 360 390 10 70 

LB 380 400 -20 40 

SY 360 400 -20 20 

TR-MED 280 540 -110 230 

 

Figure 3.19 shows the annual and seasonal means and 99th percentile of ERA5 𝐻𝑠 data 

in the calibration period. During the calibration period (1986–1995), the annual mean of 

ERA5 𝐻𝑠 reaches a maximum value of 1.1 m (Figure 3.19d), increasing to 1.3 m during 

winter (Figure 3.19b). In contrast, the average 𝐻99, representing the 99th percentile of 𝐻𝑠, 

can reach up to 3.6 m over the same period (Figure 3.19a). The highest 𝐻𝑠 values are 

observed in the southwestern part of the Black Sea, and lower values are observed in the 
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Azov Sea, the northwestern and southeastern regions of the Black Sea, both annual and 

seasonal evaluations. 

 

Figure 3.20, Figure 3.21, Figure 3.22, Figure 3.23, Figure 3.24, and Figure 3.25 present 

the spatial error statistics of five different models for the means of annual 𝐻𝑠, 𝐻99, and 

seasonal 𝐻𝑠 in DJF, MAM, JJA, and SON, respectively. Table 3.5 includes the overall error 

statistics of the SWAN model’s wave parameters compared to ERA5 reanalysis. As the 𝐶𝑑𝑠2 

coefficient increases from 0.8E-5 to 4.0E-5, the bias for the annual 𝐻𝑠 decreases from 0.6 m 

to -0.1-0.1 m while the ND approaches 0% for almost the entire sea (Figure 3.20). RMSE 

decreases from 0.3 m to 0.05 m, MAE from 0.16 m to approximately 0 m, SI from 0.6 to 

0.05-0.1 m, and HH index from 0.9 to 0-0.1. Similarly, the error statistics for mean 𝐻99 in 

Figure 3.21 show a decrease and give the best result for a 𝐶𝑑𝑠2 value of 4.0E-5. However, 

extreme values, 𝐻99, resulted in slightly higher overall error statistic values compared to 

those of annual mean 𝐻𝑠 (Table 3.5). Nevertheless, Table 3.5 also proves that the calibration 

improved the wave model at the Black and Azov Seas by about a factor of 10. As a result of 

calibration in 𝐻𝑠 and 𝐻99, the wave model is very effectively improved in the Black Sea, 

while a negligible underestimation occurs in the Sea of Azov. 

 

Figure 3.20 and Figure 3.21 show that 𝐻99 is overestimated more than the annual mean 

𝐻𝑠. In other words, the extreme value performance of the wave model is more prone to 

overestimation. This was also observed in the seasonal analysis. As seen in Figure 3.22, 

winter has more extreme 𝐻𝑠 values than other seasons. In spring (Figure 3.23), summer 

(Figure 3.24), and autumn (Figure 3.25), the maximum 𝐻𝑠 bias was about 0.5 m, while in 

winter (Figure 3.22) it reached 0.9 m. Overestimation of extreme values was also observed 

in ND, RMSE, MAE, SI, and HH index values. In the case of 𝐶𝑑𝑠2 4.0E-5, these error 

indicators reached the optimum state, showing slight overestimation and underestimation in 

the Black Sea and the Sea of Azov, respectively. 

 

In the calibration process, the performance of the wave model with the different 𝐶𝑑𝑠2 

values in terms of the 𝑇𝑚 was assessed in addition to 𝐻𝑠 and 𝐻99. ERA5 reanalysis annual 

mean  𝑇𝑚 data, shown in Figure 3.26, was utilized to calibrate the model, and the results 

were presented in  Figure 3.27. According to Figure 3.26, the annual mean of 𝑇𝑚 from ERA5 

for the Black and Azov Seas varies between 2.2 and 3.6 s. The highest values are observed 
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in the southwestern region of the Black Sea, whereas the lower values, below 3 seconds, are 

observed in the Sea of Azov and the northwestern coast of the Black Sea. 

 

Figure 3.27 illustrates the spatial error statistics of the annual mean 𝑇𝑚 between the 

SWAN results and ERA5 data, following a format similar to the 𝐻𝑠 and 𝐻99 analyses. As 

the 𝐶𝑑𝑠2 coefficient increases, the maximum bias for the annual Black Sea mean 𝑇𝑚 

decreases from 0.3 s to 0.1 s, observed in deeper regions, while the negative bias in the Sea 

of Azov slightly increases, as shown in Figure 3.27. Basin-averaged RMSE, MAE, and HH 

index of 𝑇𝑚 slightly improved while basin-averaged bias, ND, and SI did not. In addition to 

the spatially distributed error statistics, the purpose of analyzing Table 3.5 was to look at the 

basin-averaged results to decide where to stop the calibration. 

 

Table 3.5 shows that as the 𝐶𝑑𝑠2 value increases, 𝐻𝑠 and 𝐻99 still improve, albeit more 

slowly, but 𝑇𝑚 worsens or does not improve further. Therefore, considering the basin-

averaged error statistics of 𝐻𝑠, 𝐻99, and 𝑇𝑚, an unweighted normalized decision matrix 

(Table 3.6) is constructed to choose the 𝐶𝑑𝑠2 value for the best-performing SWAN model 

forced with DMI-HIRHAM5 wind data. A normalized scoring approach, where each 

variable's error metrics are scaled from 1 (worst) to 5 (best), is applied to the error statistics. 

The models are ranked based on the unweighted average of these scaled scores. According 

to these ranking values, the model result with 𝐶𝑑𝑠2 value of  4.0E-5 is chosen as the best 

performing model with the ranking value of 4.61. 

 

 While calibrating the model, it was also examined how the annual 𝜃𝑚 changed 

according to the 𝐶𝑑𝑠2 coefficient. Figure 3.28 shows the ERA5 annual mean 𝜃𝑚 and the 

shortest distances between the wave model and ERA5 data according to the five 𝐶𝑑𝑠2 values. 

The black and magenta arrows in this figure show the directions of ERA5 𝜃𝑚 and SWAN 

𝜃𝑚, respectively, while the colormap shows the shortest angular distance between these two 

directions. If the angle between these two directions is clockwise, it shows a positive 

difference, if it is counterclockwise, it shows a negative difference. As seen in Figure 3.28b-

f, the annual 𝜃𝑚 shows an improvement with the higher 𝐶𝑑𝑠2 value. The noticeable 

improvements are observed especially northern coasts of the Black Sea. With the angular 

distance between -40° and 40°, the model with the 𝐶𝑑𝑠2 value of 4.0E-5 shows the best 

accuracy.  



 

 

Figure 3.19.  ERA5 annual means of (a) 𝐻99, (b) 𝐻𝑠 in winter, (c) 𝐻𝑠 in spring, (d) annual 𝐻𝑠, (e) 𝐻𝑠 in summer, and (f) 𝐻𝑠 in autumn for 

1986-1995. 



 

 

 

Figure 3.20.  Bias, ND, RMSE, MAE, SI, and HH index between the annual means of 𝐻𝑠 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.21.  Bias, ND, RMSE, MAE, SI, and HH index between the annual means of 𝐻99 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.22.  Bias, ND, RMSE, MAE, SI, and HH index between the DJF means of 𝐻𝑠 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.23.  Bias, ND, RMSE, MAE, SI, and HH index between the MAM means of 𝐻𝑠 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.24.  Bias, ND, RMSE, MAE, SI, and HH index between the JJA means of 𝐻𝑠 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.25.  Bias, ND, RMSE, MAE, SI, and HH index between the SON means of 𝐻𝑠 of five simulations and ERA5 for 1986-1995. 
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Table 3.5.  Basin-averaged error statistic of SWAN model wave parameters compared to 

ERA5 reanalysis. The values in bold correspond to the best error metric values. 

  𝑪𝒅𝒔𝟐 

(E-5) 

Bias 

(m or s) 

ND 

(%) 

RMSE 

(m or s) 

MAE 

(m or s) 

SI HH 

Index 

Calibration 

(1986-

1995) 

Hs 

0.8 0.45 59.14 0.24 0.12 0.31 0.47 

2.36 0.16 21.60 0.09 0.05 0.12 0.22 

3.0 0.10 14.21 0.07 0.03 0.09 0.17 

3.5 0.07 9.62 0.05 0.02 0.07 0.14 

4.0 0.04 5.74 0.04 0.02 0.06 0.11 

H99 

0.8 1.35 50.06 0.77 0.38 0.28 0.44 

2.36 0.54 21.07 0.40 0.17 0.15 0.27 

3.0 0.37 14.81 0.34 0.14 0.12 0.23 

3.5 0.25 10.83 0.30 0.12 0.11 0.21 

4.0 0.16 7.43 0.27 0.11 0.10 0.19 

Tm 

0.8 0.04 1.02 0.10 0.05 0.03 0.06 

2.36 0.01 -0.10 0.09 0.04 0.03 0.06 

3.0 -0.01 -0.62 0.08 0.04 0.03 0.05 

3.5 -0.02 -1.01 0.08 0.04 0.03 0.05 

4.0 -0.03 -1.38 0.08 0.04 0.02 0.05 

Validation 

(1996-

2005) 

Hs 

4.0 

0.01 2.09 0.04 0.02 0.06 0.11 

H99 0.17 7.23 0.24 0.10 0.09 0.18 

Tm -0.10 -3.27 0.10 0.04 0.03 0.06 

 

In summary, the wave parameters in the SWAN model with the default and small 𝐶𝑑𝑠2 

values are generally overestimated. Improvement in the wave parameters was observed as 

the 𝐶𝑑𝑠2 coefficient increased, as illustrated by the annual and seasonal spatial error analyses 

and basin-averaged error statistics. The best-calibrated model for all error parameters was 

observed when the 𝐶𝑑𝑠2 value was 4.0E-5. 
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Figure 3.26.  Mean 𝑇𝑚 of ERA5 for 1986-1995.  

 

3.2.2.  Validation Results 

 

To evaluate the calibrated wave model forced with the high-resolution DMI-

HIRHAM5 RCM wind data, the 𝐶𝑑𝑠2 value of 4.0E-5 with the Komen scheme was tested 

for 10 years between 1996 and 2005. The results of the validation simulation were compared 

with the ERA5 reanalysis wave data. The error statistics were spatially evaluated for the 

Black Sea and the Sea of Azov. 

 

Figure 3.29 shows the annual, 99th percentile, and seasonal 𝐻𝑠 means of ERA5 wave 

data in the validation period. During the validation period (1996–2005), the annual mean 

ERA5 𝐻𝑠 reaches a maximum value of 1.2 m (Figure 3.29d), increasing to 1.4 m during 

winter (Figure 3.29b). In contrast, the average 𝐻99 can reach up to 3.5 m over the same 

period (Figure 3.29a). The highest and lowest 𝐻𝑠 values are observed in the same regions as 

in the calibration period. 

 

Figure 3.30 presents the spatial error statistics of the wave model results for the 

averages of annual 𝐻𝑠 and seasonal 𝐻𝑠 in DJF, MAM, JJA, and SON in the validation period. 

As mentioned in the calibration results, error statistics are slightly higher in winter. The bias 

values of the mean annual 𝐻𝑠 range between -0.1 and 0.1 m.  The bias is between -0.1 and 

0.2 m in spring, summer, and autumn, while it is between -0.2 and 0.3 m in winter. ND, 
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RMSE, MAE, SI, and HH index values range between -40-40%, 0-0.2 m, 0-0.1 m, 0-0.2, 

and 0-0.4 in seasonal and annual evaluations, respectively. In most of the study area, these 

error parameters are close to 0 except in the northern Azov Sea and the eastern coasts of the 

Black Sea. The coarse-resolution wind data can explain the higher error indicators in these 

regions. In Table 3.5, the overall error parameters are also shown. They are 0.01 m, 2.09%, 

0.04 m, 0.02 m, 0.06, and 0.11 for the bias, ND, RMSE, MAE, SI, and HH index of the mean 

annual 𝐻𝑠, respectively, which are better than or the same as the calibration period’s results 

with 𝐶𝑑𝑠2 4.0E-5. 

 

Table 3.6.  Ranking of the basin-averaged error statistic using an unweighted decision 

matrix.  

 𝑪𝒅𝒔𝟐 (E-5) Bias ND RMSE MAE SI HH Index Avg Rank 

Hs 

0.8 1 1 1 1 1 1 1 

2.36 2 2 2 2 2 2 2 

3.0 3 3 3 3 3 3 3 

3.5 4 4 4 4 4 4 4 

4.0 5 5 5 5 5 5 5 

H99 

0.8 1 1 1 1 1 1 1 

2.36 2 2 2 2 2 2 2 

3.0 3 3 3 3 3 3 3 

3.5 4 4 4 4 4 4 4 

4.0 5 5 5 5 5 5 5 

Tm 

0.8 1 2 1 1 1 1 1 

2.36 5 5 2 5 1 1 3 

3.0 5 4 5 5 1 5 4 

3.5 3 3 5 5 1 5 4 

4.0 2 1 5 5 5 5 4 

 𝑪𝒅𝒔𝟐 (E-5) 0.8 2.36 3.0 3.5 4.0   

 
Overall 

Rank 
1.06 2.39 3.39 3.89 4.61   

 

 



 

 

 

Figure 3.27.  Bias, ND, RMSE, MAE, SI, and HH index between the mean 𝑇𝑚 of five simulations and ERA5 for 1986-1995. 



 

 

 

Figure 3.28.  (a) ERA5 annual mean 𝜃𝑚 and the shortest angular distances of the model with 𝐶𝑑𝑠2 values (b) 0.8E-5, (c) 2.36E-5, (d) 3.0E-5, 

(e) 3.5E-5, and (f) 4.0E-5 compared to ERA5 for 1986-1995. 
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Figure 3.31 presents the spatial error statistics of the wave model results for the 

averages of annual 𝐻99 in the validation period. As mentioned in the calibration results, error 

statistics are slightly higher in 𝐻99 compared to the annual mean of 𝐻𝑠. The bias values of 

the annual mean 𝐻99 range between -0.5 and 0.5 m. ND, RMSE, MAE, SI, and HH index 

values range between -40-40%, 0-0.6 m, 0-0.3 m, 0-0.4, and 0-0.8, respectively. The overall 

error parameters are 0.17 m, 7.23%, 0.24 m, 0.10 m, 0.09, and 0.18 for the bias, ND, RMSE, 

MAE, SI, and HH index of the mean annual 𝐻99, respectively, which are almost the same as 

the calibration period’s results with 𝐶𝑑𝑠2 4.0E-5 (Table 3.5).  

 

The average ERA5 𝑇𝑚 data of the evaluation period, shown in Figure 3.32, was utilized 

to evaluate the calibrated model’s 𝑇𝑚. The 10-year annual mean Tm from ERA5 for the 

Black and Azov Seas varies between 2 and 3.6 s. The highest values are observed in the 

southwestern region of the Black Sea, whereas the lower values, below 3 seconds, are 

observed in the Sea of Azov and the northwestern coast of the Black Sea. Figure 3.33 

illustrates the spatial error statistics of the annual mean 𝑇𝑚 between the SWAN results and 

ERA5 data. The bias ranges between -0.9 and 0.1 s and indicates overall underestimation 

except for the deeper regions. ND, RMSE, MAE, SI, and HH index values are between -20-

10%, 0-0.4 s, 0-0.3 s, 0-0.2, and 0-0.4, respectively. The overall bias, ND, RMSE, MAE, SI, 

and HH index are -0.10 s, -3.27%, 0.10 s, 0.04 s, 0.03, and 0.06, respectively (Table 3.5). 

 

The mean of annual ERA5 𝜃𝑚 and the validation of the calibrated wave model, as the 

shortest angular distance between the SWAN result and ERA5 data, are shown in Figure 

3.34. The black and magenta arrows in this figure show the directions of ERA5 𝜃𝑚 and 

SWAN 𝜃𝑚, respectively, while the colormap shows the shortest angular distance between 

these two directions. If the angle between these two directions is counterclockwise and 

clockwise, it shows negative and positive angular distances. As seen in Figure 3.34, the 

angular differences at most of the basin, ranging between -30° and 30°, are comparable to 

the calibration results, except the northern part of the Black Sea, which has the angular 

distances from -90° up to 90°. 

 

As a result of the validation, the wave parameters in the calibrated SWAN model are 

generally consistent with the ERA5 reanalysis data. The best agreement was found for 𝐻𝑠, 

and a sufficient agreement was found for 𝐻99, 𝑇𝑚, and 𝜃𝑚. The discrepancies between the 
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SWAN model results and ERA5 reanalysis data can be attributed to the low resolution of the 

ERA data. Since the resolution of SWAN wave data are more than six times higher than that 

of ERA5, the effect of wave transformation processes, such as refraction and diffraction as 

the wave propagates to the shore, is better reflected in the SWAN model. In addition, the 

Azov Sea may not be well represented in the ERA data due to the lack of sufficient 

resolution. 

 

3.2.3.  Wave Projection Results 

 

In the future period (2071-2100, FW30), wave projection was performed using DMI-

HIRHAM5 RCM wind data and spatial and temporal TWL data (Yan et al. 2020b) produced 

using the same wind. Before the wave projection results, since the change in winds is one of 

the biggest factors affecting wave generation, the annual average and 99th percentile 𝑈10 

changes between FW30 and PW20 were analyzed. The annual averages and 99th percentiles 

of the FW30 wave parameters were calculated and compared with those at PW20. 

 

Figure 3.35 shows the annual mean and 99th percentile 𝑈10 and the changes between 

FW30 and PW20. During the FW30 period, the annual average 𝑈10 exhibits an increase of 

approximately 2%, while the 99th percentile 𝑈10 experiences a more pronounced rise of up 

to 20%. The highest 99th percentile 𝑈10 values, reaching speeds of 18 m/s, are observed in 

the western and central Black Sea. The strongest winds occur during the DJF and SON 

seasons in both periods. 

 

In DJF, the annual and 99th percentile 𝑈10 averages show increases ranging from 2% 

to 10%. Conversely, SON generally displays a decline, with decreases between -2% and -

10%. During MAM, the 99th percentile 𝑈10 increases by up to 12% in the western and central 

Black Sea regions, while a slight decrease of up to -8% is observed in the southeastern Black 

Sea. In JJA, the mean 99th percentile 𝑈10 is projected to rise by up to 10% in the FW30 

period, though a decrease of up to -8% is anticipated in the southwestern and near-

southwestern coastal areas.  

 

 



 

 

Figure 3.29.  ERA5 annual means of (a) 𝐻99, (b) 𝐻𝑠 in winter, (c) 𝐻𝑠 in spring, (d) annual 𝐻𝑠, (e) 𝐻𝑠 in summer, and (f) 𝐻𝑠 in autumn 1996-

2005. 



 

 

 

Figure 3.30.  Bias, ND, RMSE, MAE, SI, and HH index of the means of annual and seasonal 𝐻𝑠 for 1996-2005. 



 

 

 

Figure 3.31.  (a) Bias, (b) ND, (c) RMSE, (d) MAE, (e) SI, and (f) HH index between the 𝐻99 means of the simulation and ERA5 for 1996-

2005. 
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Figure 3.32.  ERA5 annual mean 𝑇𝑚 for 1996-2005. 

 

 

While no significant changes are expected in the mean 𝑈10 values, notable shifts are 

projected in the extreme 𝑈10 values, highlighting the increasing variability and intensity of 

wind patterns in the FW30 period.  

 

Figure 3.36 presents the annual average 𝐻𝑠 for the PW20 and FW30 periods, along 

with the ND between the two periods on annual and seasonal scales. The maximum annual 

mean 𝐻𝑠 is approximately 1 m during PW20, increasing to 1.2 m in FW30.  

 

The most substantial increase occurs in summer, while a slight decrease is observed in 

autumn. A pronounced rise in 𝐻𝑠 is also projected across the entire Sea of Azov during 

summer. In winter, an increase is notable in the western half of the Black Sea, whereas a 

slight decrease is evident along the southeastern nearshore. During spring, overall changes 

are minimal, though significant increases are observed along the Romanian and Ukrainian 

coasts of the Black Sea, as well as the eastern (Russian) and northwestern (Ukrainian) coasts 

of the Sea of Azov. 



 

 

 

Figure 3.33.  (a) Bias, (b) ND, (c) RMSE, (d) MAE, (e) SI, and (f) HH index between the 𝑇𝑚 means of the simulation and ERA5 for 1996-

2005. 
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Figure 3.34.  ERA5 annual mean 𝜃𝑚 and the shortest angular distances between the wave 

model and ERA5 for 1996-2005. 

 

These increases observed in both annual and seasonal averages are primarily attributed 

to the projected rise in TWL. As future inundations incorporate existing land areas into 

submerged regions, these changes become a critical factor in wave projections, emphasizing 

a key finding of this study. 

 

Figure 3.37 illustrates the annual 𝐻99 averages for PW20 and FW30, along with the 

ND between the two periods, presented on both annual and seasonal scales. The maximum 
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annual 𝐻99 mean is approximately 3.5 m in PW20, increasing to 4 m in FW30. The annual 

𝐻99 mean is projected to rise by 2–12%, with the most substantial seasonal increases 

occurring in summer and winter, reaching approximately 20%. Conversely, slight decreases 

of about -12% are observed in fall and spring. During summer, the increase in 𝐻99 is 

predominantly concentrated in the central and eastern Black Sea, whereas in winter, it is 

primarily evident in the central and western Black Sea. In autumn, significant decreases are 

observed along the eastern Black Sea nearshore, while in spring, similar reductions are 

evident in the eastern Black Sea nearshore and the Sea of Azov. 

 

The anticipated rise in TWL also contributes to significant increases in 𝐻99 along the 

coasts of Romania, Ukraine, and Russia, as indicated by the dark red areas on the ND map. 

Additionally, regions predicted to be inundated due to the TWL increase and subsequently 

incorporated into the projected wave climate are more distinctly visible when comparing the 

annual H99 PW20 and FW30 figures (Figure 5.20) and capturing the expanded areas. 

 

Figure 3.38 illustrates the annual and seasonal 𝑇𝑚 and the ND between the PW20 and 

FW30 periods. The projected annual changes in 𝑇𝑚 range between -2% and 2%, excluding 

areas projected to be inundated in the future. During MAM, no significant changes in 𝑇𝑚 are 

anticipated, whereas in SON, a general decrease of up to -4% is expected. In JJA, a 

noticeable increase is observed, particularly in the Sea of Azov, where 𝑇𝑚 is projected to rise 

by up to 8%. In DJF, an increase of up to 3% is expected in the western half of the Black 

Sea, while a decrease of up to -3% is projected along the nearshore areas of the eastern half. 

 

Overall, no substantial changes in 𝑇𝑚 are observed. However, Figure 3.38 highlights 

that areas along the shoreline exhibiting significant increases in both seasonal and annual 

analyses correspond to regions projected to be inundated in the future, as expected. 

 



 

 

 

Figure 3.35.  Annual mean and 99th percentile 𝑈10 in PW20 and FW30, and the changes between the two periods. 
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Figure 3.36.  (a-e) Annual mean, winter, spring, summer, and autumn 𝐻𝑠 in PW20, (f-j) 

annual mean, winter, spring, summer, and autumn 𝐻𝑠 in FW30, and (k-o) annual mean, 

winter, spring, summer, and autumn ND of 𝐻𝑠 between FW30 and PW20. 

 

The annual and seasonal 𝜃𝑚 and the ND between PW20 and FW30 periods are shown 

in Figure 3.39. In this figure, positive changes are clockwise and negative changes are 

counterclockwise. When annual averages are examined, it is seen that the northern sector 

(north, northeast, northwest) wave directions are dominant throughout the Black Sea. 

Although the general direction is preserved between the past and future periods, direction 

deviations have occurred on a regional scale. In seasonal comparisons, it is noteworthy that 

more significant changes are experienced in wave directions, especially in winter and 

autumn. In winter, the 𝜃𝑚 in the Sea of Azov and the western Black Sea are regionally 

variable. The directions are more stable in spring and summer, but angular differences are 
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observed in some local regions. In the autumn period, there are significant clockwise 

rotations in 𝜃𝑚 in the northwestern Black Sea. 

 

 

Figure 3.37.  (a-e) Annual mean, winter, spring, summer, and autumn 𝐻99 in PW20, (f-j) 

annual mean, winter, spring, summer, and autumn 𝐻99 in FW30, and (k-o) annual mean, 

winter, spring, summer, and autumn ND of 𝐻99 between FW30 and PW20. 

 

Wave direction is mainly influenced by the dominant wind patterns. If RCMs predict 

minimal changes in these dominant patterns, the resulting wave directions are likely to 

remain constant (Silva et al., 2020). Although climate change can affect wind speeds, it does 

not always lead to significant changes in wind direction, especially in regions where the 

large-scale atmospheric circulation remains unchanged. The general structure of large-scale 

atmospheric circulation patterns over the Black Sea is expected to be preserved in the future. 

However, changes in the seasonal intensity of these patterns, duration of activity, and 



99 

 

frequency of the associated systems are anticipated. This may have significant effects on 

seasonal mean 𝜃𝑚 (Akpınar and Kömürcü, 2017). 

 

 

Figure 3.38.  (a-e) Annual mean, winter, spring, summer, and autumn 𝑇𝑚 in PW20, (f-j) 

annual mean, winter, spring, summer, and autumn 𝑇𝑚 in FW30, and (k-o) annual mean, 

winter, spring, summer, and autumn ND of 𝑇𝑚 between FW30 and PW20. 

 

Figure 3.40 presents the trends of annual and seasonal mean 𝐻𝑠 in the FW30 period 

calculated by the least squares regression method. The annual projected trend shows an 

increase of up to 0.15 cm/year in the northwestern nearshore area of the Black Sea. While it 

indicates a decreasing trend up to -0.3 cm/year in the southwestern Black Sea, this trend is 

between -0.05 and 0.05 cm/year in the remaining regions. In DJF, the mean 𝐻𝑠 in the 

northwestern shores of the Black Sea and the Sea of Azov is expected to face a considerable 

increasing trend up to 0.4 cm/year. In the remaining regions, a decreasing trend up to -0.4 



100 

 

cm/year is observed. In MAM, an increasing trend of around 0.2 cm/year is anticipated in 

the Sea of Azov, while a mild increasing trend of around 0.15 cm/year is observed in the 

Black Sea. In JJA, a strong decreasing trend of -0.4 cm/year in the southwestern Black Sea 

and a slight increasing trend in the northern Black Sea shores are expected. In SON, while a 

general decreasing trend is dominant, an increasing trend of 0.2 cm/year is predicted only in 

the northwestern Black Sea coast. Since this analysis is made for the 30 years between 2071-

2100, it can be concluded that in 2100, annual 𝐻𝑠 means are expected to change between -9 

cm and 4.5 cm compared to 2071, while for the seasonal 𝐻𝑠 means, it is -12 cm and 12 cm. 

 

Figure 3.41 presents the trends of annual and seasonal 𝐻99 mean in the FW30 period 

calculated by the least squares regression method. The annual projected 𝐻99 trend mostly 

shows a decreasing trend (up to -1 cm/year) except for a weak increasing trend (0.4 cm/year) 

in the western and northeastern regions of the Black Sea and the northern part of the Azov 

Sea. However, the seasonal projected 𝐻99 trends have stronger trends. In DJF, the increasing 

and decreasing trend locations are the same as the annual 𝐻99 trend, but greater in magnitude, 

with a decreasing trend of up to -2 cm/year and an increasing trend of up to 2 cm/year. In 

MAM, an increasing trend of 2 cm/year is anticipated in most of the study area, especially 

the western half of the Black Sea, except for the mid-eastern area of the Black Sea with a -

0.6 cm/year trend. In JJA, trends of -0.4 cm/year and -0.6 cm/year in the southwestern and 

southeastern Black Sea regions and an increasing trend of up to 1 cm/year in the northern 

and central Black Sea and the Azov Sea are expected. In SON, a significant decreasing trend 

of up to -2 cm/year dominates the southwestern and southeastern Black Sea and the southern 

region of the Sea of Azov. However, in the central Black Sea, a trend of up to 1.6 cm/year 

is dominant. Since this analysis is made for the 30 years between 2071-2100, it can be 

concluded from Figure 3.41 that in 2100, annual 𝐻99 means are expected to change between 

-30 cm and 12 cm compared to 2071, while for the seasonal 𝐻99 means, it is -60 cm and 60 

cm. 

 

At the end of all analyses, it was observed that the range of variation of the mean values 

was much smaller than the extreme values. In addition, results analyzed on an annual basis 

predicted mild changes, while those analyzed on a seasonal basis predicted more dramatic 

changes, emphasizing the importance of the short-term assessment interval. Moreover, the 

consistency of the model is evident from the agreement between the changes in annual and 
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seasonal 𝑈10 means in Figure 3.35 and the changes in 𝐻𝑠 in Figure 3.36 and 𝐻99 in Figure 

3.37. 

 

3.3.  Wave Runup and Coastal Flooding 

 

3.3.1.  Wave Runup Results 

 

In this section, the spatial distribution of 𝑅2, its temporal variation, and its relative 

contribution to the total water level are evaluated based on the SWAN model results in 2071-

2100. The average conditions, 99th percentile, and RP100 are analyzed separately. In 

addition, the relationship between slope as discussed and 𝑅2 and the 𝑅2 trend in the FW30 

period is examined. 

 

The mean 𝑅2 values show considerable spatial variability along the Black Sea and Sea 

of Azov coasts (Figure 3.42b). The data show that 𝑅2 varies between 0.005 m and 2.96 m 

under average conditions, with a mean value of approximately 0.25 m. The highest mean 𝑅2 

values are observed along the western-central Black Sea coast of Türkiye, especially along 

the coastline between Zonguldak and Sinop. In this region, mean 𝑅2 values are generally 

between 1.5–2.0 m, up to 2.9 m in some places. The bathymetry map in Figure 1.1c shows 

that although the continental shelf is not strictly narrow in this area, the slope is relatively 

high near the coast. In addition, the mean 𝐻𝑠 is in the range of 0.9-1.1 m in this region (Figure 

3.36), and the S06 formula reflects these conditions as high 𝑅2. The slope data are also in 

the range of 0.06-0.09 in this region (Figure 3.42a), thus creating a cumulative effect 

originating from both waves and morphology. 

 

In contrast, in the northeast of the Sea of Azov (e.g., Taganrog Bay), bathymetry is 

very shallow, average 𝐻𝑠 is low (<0.4 m), and slope is mild; therefore, average 𝑅2 values 

generally remain in the range of 0.05-0.2 m. Similarly, along the Bulgarian and Romanian 

coasts, the combination of a wide continental shelf, low slope, and moderate 𝐻𝑠 (0.6-0.8 m) 

keeps average 𝑅2 values limited. 

 

Under the 99th percentile and RP100 scenarios representing extreme conditions, 𝑅2 

values increase even more. The maximum value is around 9 m for the 99th percentile 𝑅2 



102 

 

(Figure 3.42d) and RP100 (Figure 3.42c). The highest and most widespread RP100 𝑅2 values 

are observed in the coastal area between Zonguldak and Sinop along the western-central 

Black Sea coast of Türkiye. As seen in Figure 3.42c, this coastline is represented by red 

tones under RP100 conditions, and 𝑅2 values of 4-6 m are prominent over a wide area 

throughout the region, increasing the vulnerability of the region in terms of flood potential. 

 

 

Figure 3.39.  (a-e) Annual mean, winter, spring, summer, and autumn 𝜃𝑚 in PW20, (f-j) 

annual mean, winter, spring, summer, and autumn 𝜃𝑚 in FW30, and (k-o) annual mean, 

winter, spring, summer, and autumn ND of 𝜃𝑚 between FW30 and PW20. 

 

In addition, 𝑅2 values of 3-4 m have been observed locally on the Eastern Black Sea 

coast of Türkiye (especially between Rize and Hopa), in the southeast of the Crimean 

Peninsula, and some parts of the Black Sea coast of Russia (between Novorossiysk and 

Tuapse). In these areas, the continental shelf is narrow (Figure 1.1c), the slope is high (Figure 
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3.42c), and the 𝐻99 is relatively high, ranging between 2.5-3.5 m (Figure 3.37). The 

combination of these physical conditions causes the wave runup to reach its maximum in 

extreme storm conditions. 

 

 

Figure 3.40. (a) Annual, (b) winter, (c) spring, (d) summer, and (d) autumn trends of the 

annual mean 𝐻𝑠 in the FW30 period. 

 

The temporal change of the runup component was analyzed with linear trends for the 

FW30 period. In this analysis, only statistically significant trends (p < 0.05) were taken into 

account (Figure 3.43). Slope values are expressed in millimeters/year. According to the 

results, 𝑅2 values show a negative trend in a significant part of the Black Sea, with annual 

average decrease values concentrated between -0.5 and -2.0 mm/year. Significant decreases 

were detected, especially in the western-central Turkish coasts (e.g., between Zonguldak and 

Sinop) and in a large part of the eastern Turkish coasts (Trabzon, Rize surroundings). 

Although local positive trends are found in very limited regions, such as around Hopa, these 

increases are spatially narrow and weak in magnitude. Some parts of the southeastern Crimea 
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and the northeastern Black Sea coast of Russia, particularly between Tuapse and 

Novorossiysk, exhibit statistically significant increasing trends in 𝑅2. In these regions, the 

rate of increase is approximately 2 mm/year, which is one of the highest detected trends in 

the entire domain. 

 

 

Figure 3.41.  (a) Annual, (b) winter, (c) spring, (d) summer, and (d) autumn trends of the 

annual mean 𝐻99 in the FW30 period. 

 

Statistical significance is the measurement of the probability that the slope coefficient 

is different from zero in the regression analysis. The p < 0.05 threshold used here indicates 

that the probability of the slope being random is less than 5%; therefore, slopes below this 

threshold are considered significant at the 95% confidence level. Therefore, only the points 

that meet this confidence threshold are shown and interpreted in Figure 3.43. 
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3.3.2.  ESL Results 

 

In this section, the contribution of the 𝑅2 on the TWL is evaluated; the spatial 

distributions of TWL and ESL, their comparison in extreme conditions, and the ratio of 𝑅2 

are analyzed. 

 

The average ESL and TWL values calculated along the Black Sea and the Sea of Azov 

are quite close to each other and exhibit similar spatial distributions in large areas. Since 

ESL is obtained by directly adding the 𝑅2 component to TWL by a linear summation, there 

is no difference in the sea or open water; the difference is activated only along the coastline 

(Figure 3.44). Therefore, the amount of increase in ESL relative to TWL along the coast 

directly reflects the magnitude of 𝑅2 at that point. In particular, along the entire southern 

Black Sea coast, the Bulgarian coast, the southern coast of the Crimean Peninsula, the 

Russian Black Sea coast, and the northern part of the Georgian coast, the average ESL values 

range from about 0.8 to 3.2 m. The 𝑅2 component added to TWL in these coastal areas 

causes a significant increase in the TWL value; This situation reveals how important 𝑅2 is 

in flood calculations. 

 

The ratio of 𝑅2 to TWL is also one of the critical outputs of the study. This ratio does 

not indicate how large a component 𝑅2 is, or how much it contributes to TWL, but how 

much it increases TWL (Figure 3.45). This calculation was made based on the ratio of 𝑅2 to 

TWL in percentage. According to the results, as it can also be concluded from Figure 3.44, 

along the entire southern Black Sea coast, the Bulgarian coast, the southern coast of the 

Crimean Peninsula, the Russian Black Sea coast, and the northern part of the Georgian coast, 

the 𝑅2 contribution can reach 100% of TWL. In other words, not including 𝑅2 in TWL 

calculations in these regions means leaving out half of the ESL. In contrast, on the coasts of 

the Sea of Azov, Romania, most of the Georgian coasts, and the Ukrainian Black Sea coasts, 

this ratio remains below 20% in most places. This shows that the relative effect of 𝑅2 is low 

in these regions, which are the critical areas concerning the SS values (Figure 3.14). 

 

 



 

 

 

Figure 3.42.  (a) Topographic slope, (b) the annual mean, (c) RP100, and (d) 99th percentile runup in FW30.
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Figure 3.43.  The statistically significant 𝑅2 trends (p < 0.05) in the FW30 period. 

 

In extreme conditions, the difference between ESL and TWL becomes more 

pronounced (Figure 3.46). The difference between ESL and TWL under RP100 conditions 

varies spatially along the coast. In some coastal areas, the 𝑅2 contribution exceeds 5 m, 

significantly increasing ESL and directly affecting the flood level. Especially in places such 

as the Zonguldak–Sinop line, the eastern Turkish coast, and the southeast of Crimea, the 𝑅2 

contribution exceeds 5 m. Similarly, the 99th percentile scenario also revealed significant 

differences in these regions. These contributions reveal once again that 𝑅2 becomes the main 

component determining the flood level in the microtidal Black Sea coast in the coastal areas 

where SS is relatively limited. 

 

3.3.3.  Coastal Flooding Results 

 

In this section, the flood areas formed depending on the average and RP100 water 

levels are evaluated. Flood analyses were performed for both TWL and ESL, to which wave 

contribution is added. Only flood maps based on ESL are presented in the thesis, and the 

maps belonging to TWL are used only for comparison purposes. Thus, the effect of the wave 

runup component on the flood area can be isolated more clearly.  
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Figure 3.44.  The average (a) TWL and (b) ESL. 

 

Flood calculations are performed with the raster-based “bathtub” method, and the total 

water levels calculated with the digital surface height on the shore are compared on a pixel 

basis, and flood areas are extracted vectorially. In addition, only areas with a land slope 

greater than zero (slope > 0) are included in the flood analysis, preventing sea cells from 

being mistakenly determined as flood areas. 
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Figure 3.45.  The ratio of 𝑅2 to TWL in percentage. 

 

 While the flood area calculated according to the average TWL value is 6873.87 km², 

this area increases to 7514.30 km² when ESL is taken into account (Figure 3.47a). An 

increase of approximately 640 km² is observed numerically. However, this increase does not 

occur as a wide and homogeneous distribution, but rather as small-scale differences in 

various coastal areas. Visual comparisons show that the general flood patterns in the TWL 

and ESL maps are largely similar, but in some regions, the ESL spreads more towards the 

landward side. These differences are especially evident, albeit limited, in low-elevation 

deltas and low-sloping coastal areas. However, in some coastal areas, despite the high 𝑅2 

contribution, no flooding occurs even below the ESL. This situation has been observed 

especially in the southern Black Sea coast. In such regions, the high slope prevents the ESL 

from advancing into the land due to the steep coastal topography (Figure 3.42a). This finding 

clearly shows that not only the water level but also the coastal slope is decisive in the flood 

distribution. The average slope map (Figure 3.47a) used to support this interpretation 

provides important clues. 

 

 In the RP100 case, the flood area according to TWL is 12,548.36 km², while this value 

increases to 12,734.82 km² according to ESL (Figure 3.47b). This means an increase of 

approximately 1.5%. Although the numerical increase is limited, the effect of this increase 

is quite large, especially on low-lying deltas such as Romania and Ukraine. In such areas, 

even a small vertical water level increase can mean a large horizontal flood area. 
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 In general, although the inclusion of ESL does not create a huge change in the total 

flood area, it creates significant differences in spatial patterns. This situation reveals that 

wave effects must also be taken into account in coastal flood analyses. However, one of the 

main reasons for the limited effect of ESL is that the coastal slope is quite high in many parts 

of the Black Sea coast. This steep topographic structure limits the spread of flooding towards 

the landward side, even if the sea level rises. 

 

These results show that the inclusion of the runup component makes a significant 

contribution to flood hazard assessments; however, this effect varies according to coastal 

topography and regional characteristics. While the runup contribution can seriously affect 

the flood area, especially in low-slope coastal areas, this contribution is often limited in steep 

coastal areas. This finding reveals that not only the water level but also the coastal 

morphology must be taken into account in flood hazard analyses. 



 

 

 

Figure 3.46. The maps of (a) 100RP TWL, (b) 99th percentile TWL, (c) RP100 ESL, and (d) 99th percentile ESL. 
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Figure 3.47.  Coastal flood map with the (a) average and (b) RP100 ESL. 
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4.  DISCUSSION 

 

 

4.1.  Interpretation of TWL and SS Trends 

 

 The first stage of this study statistically analyzes the future sea level behavior across a 

subregion that overlaps six CORDEX domains, focusing on the Black, Marmara, Aegean, 

and Mediterranean seas. Indicators such as Pearson’s correlation coefficient, percentage 

change, linear least squares trends, PD, water level anomalies, and tidal characteristics were 

evaluated using EURO-CORDEX data, which is the only available source offering physical 

ocean variables for this region. Among the four basins, the Marmara Sea exhibits the lowest 

TWL, SS, and TE values, while the Black, Aegean, and Mediterranean seas are more prone 

to extreme SS and TWL (Figure 3.14 and Figure 3.15). Notably, RP100 SS reaches up to 

590 mm higher than today’s value along the coasts of the Azov Sea (Figure 3.18). The Black 

Sea also shows the highest increase rates for TWL, TE, and SS, with values reaching 29.3 

mm/year (Table 3.2). In contrast, SS and TE appear to play more balanced roles in shaping 

future TWL in the Aegean and Mediterranean basins. 

 

SS refers to a temporary rise in sea level caused by episodic storm events. It is 

governed by a combination of physical processes, including air pressure gradients, wind 

stress, Coriolis force, wave setup, and storm duration. SS changes can be assessed both 

spatially and temporally. From a spatial perspective, coastal zones with broad continental 

shelves and shallow bathymetry tend to experience enhanced SS compared to neighboring 

deeper areas (Park and Suh, 2012; Munroe and Curtis, 2017; Poulose et al., 2018; Irani et 

al., 2024). Temporally, SS variations reflect the differences in surge magnitude between 

historical and future time frames, largely driven by projected changes in MSL and wind 

dynamics under climate change. 

 

The projected extreme SS values (RP100, RP10, and RP1) show spatial amplification 

along the southwestern Azov Sea coast. This pattern is explained by the joint influence of 

increasing MSL and intensified onshore winds, with the latter playing a dominant role (Rusu, 

2019). Although rising MSL generally tends to suppress SS (Dean and Dalrymple, 2001; 
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Ragno et al., 2023), the concurrent increase in onshore wind speeds in this region overrides 

that effect, resulting in a net rise in SS levels. 

 

Conversely, future projections indicate decreasing SS trends in shallow coastal zones 

to the north of the Black, Aegean, and Azov seas. The northern coastlines of the Azov Sea, 

the Ukrainian Black Sea coast, and the Thracian coast of Greece are expected to exhibit 

lower future RP10 and RP100 SS values (Figure 3.14). These reductions are attributed to a 

combination of projected hydrographic and atmospheric changes. Due to their existing 

shallow topography, these areas already experience elevated SS values, but future increases 

in MSL and offshore wind speeds, while wind directions remain seaward (Katopodis et al., 

2021), are expected to mitigate SS further. 

 

The findings underscore the strong spatial dependence of SS and TWL and the need 

to revisit future design water levels for coastal infrastructure. Vousdoukas et al. (2017) noted 

that changes in tidal dynamics have minimal influence in the eastern Mediterranean and 

Black Sea region, although MSL and MHHW are projected to increase uniformly due to 

global sea-level rise (Figure 3.12 and Figure 3.13). 

 

Since no other dataset currently provides equivalent temporal and spatial resolution 

for this subregion, direct comparisons are limited. However, parallel results have been found 

in recent studies for other areas of the world. For instance, Wood et al. (2023) identified 

considerable increases in SS and TWL in the South China Sea, while Pein et al. (2023) 

reported increased TE and MSL values in the southern North Sea and the Elbe estuary. 

 

It is important to emphasize that while the statistical analysis section focuses on SS 

dynamics, the role of wave contributions to TWL remains critical, especially in locations 

where the continental shelf is narrow. Wave setup and runup typically amplify in such areas, 

potentially intensifying the risk along coasts that otherwise appear less vulnerable to SS 

alone (Albert et al., 2016; Arns et al., 2017; Melet et al., 2018; Sahoo et al., 2021). The 

Mediterranean, Marmara, Black, and Aegean seas are particularly sensitive due to their 

narrow continental shelves. Therefore, the results presented in Section 3.1 represent a 

foundational step in assessing coastal hazard dynamics at a subregional scale, an aspect often 

overlooked in large-scale global and regional analyses. 
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4.2.  Numerical Wave Modeling and Wave Runup in the Black Sea 

  

In this section, the results of numerical wave modeling conducted in the Black Sea are 

evaluated. In the study, the SWAN model was run with high-resolution wind data with the 

RCP4.5 scenario for the period 2071-2100, and the shoreline, water level, and, as a result, 

the active nodes were updated at each time step to spatially project future changes in wave. 

In this context, 𝐻𝑠 values obtained were analyzed at seasonal and annual scales; annual 99th 

percentile values were interpreted. 

 

Annual mean 𝐻99 results reveal that extreme wave conditions are widespread over 

large areas, especially in the western parts of the Black Sea, the Romanian and Bulgarian 

coasts, as well as the Zonguldak-Sinop line of Türkiye. 𝐻99 values in these coasts reach 3.5-

4.0 m in places (Figure 3.37). This situation can be associated with the strengthening of wave 

development due to the long fetch distances and increases in the wind speed (Figure 3.35), 

although they have wider continental shelves. In contrast, although locally high 𝐻99 values 

(3.0–3.5 m) are observed on the eastern Black Sea coast (e.g., around Hopa) and the 

Georgian coast, these values are spread over more limited areas. The southern coast of the 

Crimean Peninsula also shows locally remarkable 𝐻99 values. However, these regions do not 

produce risks as widespread as the western Black Sea. 

 

Seasonal analysis of 𝐻99 revealed that wave dynamics vary regionally throughout the 

year. In spring (MAM) and winter (DJF), increasing 𝐻99 are prominent in the middle and 

western Black Sea, while in autumn (SON), decreasing trends are dominant in these areas. 

In summer (JJA), the increase is observed in the middle and eastern Black Sea (Figure 3.37). 

This change is associated with seasonal wind speed variations and coastal orientation. It is 

also noteworthy that the annual mean 𝐻𝑠 values (Figure 3.36) do not show changes as 

prominent as the annual mean 𝐻99 values, which indicates the changes in the extreme 

conditions rather than the mean conditions. 

 

The Zonguldak–Sinop coastline is among the regions with both high 𝐻𝑠 values and 

significant 𝑅2 contributions (Figure 3.42) in the model results. The medium-high range of 

coastal slopes here, combined with the narrowing shelf, increases the wave runup potential. 

This observation supports the narrow continental shelf–high wave contribution relationship 
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proposed by Albert et al. (2016) and Arns et al. (2017). Furthermore, in the northern part of 

the Black Sea (Ukrainian coast), the 𝐻𝑠 values are generally stable. The flatness of the coastal 

topography limits wave development here, which is consistent with the literature. 

 

A major methodological advancement of this study is the dynamic update of the 

computational grid nodes in the wave model based on the time-varying shoreline positions 

and sea level changes. This study represents a novel implementation within the wave 

modeling literature, where active computational nodes in a spectral wave model (SWAN) 

are adjusted throughout the simulation period to reflect the spatiotemporal evolution of 

shoreline and water level. Previous climate change–driven wave projections for the Black 

Sea have relied on fixed bathymetry and static coastal boundaries (e.g., Rusu, 2020; Çakmak 

et al., 2023; Chirosca and Rusu, 2025), limiting their ability to capture dynamically shifting 

coastal conditions. The methodology proposed here enables a more realistic representation 

of nearshore wave processes, particularly in regions with low-lying terrain or substantial sea 

level rise, and provides enhanced reliability in projecting future coastal hazards. 

 

Another methodological advancement is that while in many studies in the literature 

(e.g., Vousdoukas et al., 2017, Gomes da Silva et al., 2020; Kim et al., 2023; Stockdon et 

al., 2023), wave setup and runup contribution are modeled with constant slope or 

morphological assumptions, in this study, a more precise runup calculation was carried out 

with slope values depending on the coastline that change over time. This approach offers an 

“improved” framework compared to classical “first-order estimate” models. 

 

As a result, when evaluated together with the wave dynamics in the Black Sea, 

continental shelf structure, changes in wind and water level, and coastal topography, it 

reveals the necessity of integrating multiple components affecting coastal floods. The 

detailed modeling and analysis applied in this study provide significant contributions to the 

creation of realistic coastal hazard maps for regional decision makers. 

 

4.3.  ESL and Coastal Flooding  

 

ESL projections and associated flood mapping in this study reveal crucial insights into 

the compound nature of coastal hazards under climate change in the Black Sea. ESL was 
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obtained by adding the predicted TWL and the 𝑅2 component. Following that, ESL was 

further used to derive the flood extents based on the bathtub approach, where this level is 

compared with the DEM. For the Black Sea, the spatial patterns of the flood-prone areas 

along the coast, the effect of wave contribution on flood propagation, and the role of 

geomorphological constraints, such as slope/topography, are discussed. 

 

When the flood areas based on average TWL and ESL are compared, ESL creates an 

additional flood area of approximately 640 km² under average conditions (Figure 3.47a). 

However, this increase is not regular and continuous along the coast. In particular, in flat 

areas such as low-lying deltas in Romania and Ukraine, a limited inflow is observed. In the 

RP100 scenario, this difference is smaller at 186.46 km², but although it increases at a lower 

rate (~1.5%), the flood impact in critical areas may be more widespread and intense (Figure 

3.47b). This is because the topographic features of the coastline determine the advance of 

water more suddenly and effectively in extreme events. 

 

A striking finding is that in some regions, despite the high 𝑅2 values, no flood areas 

are observed. For example, on the Western Black Sea coast of Türkiye, between Zonguldak 

and Sinop, no floods are observed despite the high 𝑅2. The main reason for this is the 

steepness of the coastal slope in these areas (Figure 3.42a). Despite the high ESL levels, the 

inward inflow of water remains limited. This shows how critical the coastal slope is in 

determining the flood extent. 

 

The spatial distribution of ESL values also provides important findings. ESL values 

along the southern Black Sea coast, Bulgarian coast, southern Crimean Peninsula, Russian 

coast, and northern Georgia vary between 0.8–3.2 m and can be 1 m higher than TWL 

(Figure 3.44). In some coastal segments, such as the Zonguldak–Sinop line and southeastern 

Crimea, ESL exceeds 5 m under RP100 conditions (Figure 3.46). 

 

Past flood events highlight the necessity of considering ESL in future coastal hazard 

assessments. For instance, the 2021 western Black Sea flood in Türkiye (Bartın, Kastamonu, 

Sinop) (Yılmaz, 2022) caused over 80 fatalities and widespread damage following 

coinciding wave activity and storm-induced sea level anomalies. Similarly, the 2012 flood 

in Russia’s Krasnodar region and the 2014 Tsarevo flood in Bulgaria led to significant 



118 

 

casualties and losses. These events, often involving high waves and elevated water levels, 

demonstrate that even moderate MSL components can lead to severe impacts when 

combined with storm-driven extremes. 

 

The continental shelf width also plays an important role in understanding the effects 

of different sea level components. While wave-induced runups are greater on narrow 

continental shelves (Albert et al., 2016; Arns et al., 2017), wide shelves increase the effect 

of SS (Park and Suh, 2012). This dual effect explains, for example, the dominance of storm 

surge on the northwestern coast of the Black Sea and wave impact on the southern and 

eastern coasts. 

 

As a result, accurate estimation of regional flood hazard depends not only on sea level 

estimates but also on the integration of dynamic coastal morphology, slope, continental shelf 

structure, and wave contributions. The method used in this study goes beyond classical first-

order estimate approaches and provides a more physically consistent flood hazard 

assessment by processing time-varying shoreline and slope information at high resolution. 

 

4.4.  Integrated Interpretation of ESL Components and Module Interactions 

 

In the context of coastal hazards, the approach followed in this study aimed to bring 

together models and processes operating at different scales to assess ESL events in a more 

realistic and coastal-specific manner. This integrated structure is based not only on the output 

of a single physical process, but also on the combined consideration of components such as 

SS, TE, 𝑅2, and spatiotemporal sea level variations. These modules, which are evaluated 

separately in the discussion sections, are processes that systematically affect each other and 

jointly shape the final ESL estimates. 

 

First, in the study, TWL trends and SS trends were determined, and the main risk areas 

on the coast were identified. This analysis was not limited to the assessment of past trends 

alone, but also formed the basis for the creation of probability-based hazard maps for future 

project periods. However, this pure data-based analysis alone is insufficient to adequately 

explain coastal flood potential, because unless the coastal morphology is completed by 

processes such as wave setup and runup, the potential of water to reach the shore and move 
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inland cannot be modeled. Therefore, in the second step, the wave characteristics were 

determined in both the open sea and near-shore regions using the SWAN model, which was 

structured specifically for the region. 

 

The wave model results provided not only the open sea conditions but also the main 

inputs required for the runup calculations on the shore. At this point, one of the most 

innovative aspects of the study comes into play: The dynamic shoreline-based modeling. 

Unlike traditional applications, the SWAN model was run by redefining the shoreline 

according to the TWL data analyzed at each time step. In this way, the land-sea boundary 

advanced or retreated over time depending on the increases in the water level; the active 

calculation area (wet grid) of the model was constantly updated. Thus, instead of assuming 

only a fixed bathymetry and coastal geometry, the change of the shoreline over time was 

taken into account. This approach allowed for a more realistic representation of the transport 

of wave energy along the coast, especially in low-slope coastal areas susceptible to floods. 

 

In addition, wave runup calculations were performed by integrating not only the wave 

parameters simulated for the projection period but also indirectly the time-dependent TWL 

data, and directly the coastal slope was updated depending on the shoreline at each time step. 

This bidirectional dynamic approach reveals the originality of the study in both wave 

modeling and coastal response calculation. 

 

In the last stage, the outputs of all these components were brought together in a GIS 

environment, and flood areas at different locations along the coast were mapped. This 

comprehensive process provides not only a surface flood forecast but also a process-based 

hazard assessment by enriching the trends obtained from TWL and SS analyses with wave 

models and correlating them with coastal topography. Especially when the slope of the coast, 

wave energy, and current sea level are evaluated together, situations such as the absence of 

flooding in some regions despite high runup values (e.g., on high-sloping coasts) or the 

occurrence of flooding despite low TWL values (e.g., on wide plains) become more 

explainable. 

 

As a result, this study presents the effects of future extreme sea level events on the 

coast more realistically by considering different physical components in an integrated and 
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interactive structure rather than a modular one. Thanks to this structure, it is understood how 

processes such as TWL, runup, and SS, which are traditionally evaluated separately, work 

together, and the interpretability of the results increases. 

 

4.5.  Practical Implications for Coastal Hazard and Design 

 

In coastal engineering applications, even when flood limits are not exceeded, the 

physical effects of ESL events, structural loads, and non-destructive flood effects play an 

important role. These effects are particularly related to dynamic processes such as wave 

runup and overtopping. They are also critical factors to be considered in the design of coastal 

structures. 

 

Wave runup is the rise in water level created by waves reaching the shore, and this rise 

can create significant loads on structures. Especially on the shores with steep slopes, the 

runup height can reach several meters (e.g., Zonguldak-Sinop coast), which is a factor to be 

considered in the design of structures. Shankar and Jayaratne (2003) investigated the effects 

of wave runup and overtopping on coastal structures, highlighting the impact of these 

processes on the durability and stability of the structures.  

 

Wave overtopping is the process of waves passing over coastal structures and passing 

behind them, which can lead to water accumulation and potential damage in the areas behind 

the structures. Van der Meer and Bruce (2014) stated that wave overtopping is an important 

parameter to be considered in the design of coastal structures.  

 

ESL events, even if they do not directly cause flooding, can have various non-

catastrophic effects in coastal areas. These effects include beach erosion, infrastructure 

damage, and ecosystem degradation. In particular, wave runup and overtopping are the main 

causes of such effects in coastal areas. Tebaldi et al. (2021) examined the effects that ESL 

events may have on coastal areas and emphasized the importance of these processes in terms 

of coastal management and planning. 

 

In this context, various strategies are proposed to minimize the effects of ESL events 

and increase the resilience of structures in coastal engineering practices. These include 
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comprehensive risk assessments, adaptive design approaches, and nature-based solutions 

(Hinkel and Nicholls, 2020). In particular, considering the effects of dynamic processes such 

as wave runup and overtopping in the design of coastal structures is important in terms of 

increasing the resilience of structures and minimizing potential damage. 

 

As a result, the physical effects of ESL events on coastal structures, structural loads, 

and non-destructive flood effects are critical factors to be considered in coastal engineering 

practices. Understanding these processes and developing appropriate design strategies will 

contribute to the creation of sustainable and resilient infrastructures in coastal areas. 
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5.  CONCLUSION 

 

 

 This thesis presents a holistic approach to assessing coastal flood hazards under future 

climate scenarios. TWL, wave dynamics, wave runup, and their effects on ESL projections 

and coastal flood analyses were evaluated together. The study spatially analyzed future 

coastal flood hazard with a dynamic analysis framework shaped by high-resolution wave 

modeling and temporal sea level changes, specific to the Black Sea. In particular, the 

“dynamic shoreline-based modeling” approach stands out as one of the most original 

contributions of the study; it ensures that both wave model and runup calculations are made 

on the shoreline updated according to the TWL at each time step. This method goes beyond 

classical fixed shore assumptions and increases physical consistency in coastal flood 

assessments. The main findings obtained in this context are as follows: 

 

• The statistical analysis revealed that SS, TE, and TWL trends exhibited different 

patterns among the four regional seas. Significant SS increases were observed in the 

Black Sea, with maximum SS trends reaching 11.6 mm/year. TWL trends were 

especially prominent in the Black Sea (up to 15.5 mm/year) and the Eastern 

Mediterranean (up to 0.8 mm/year). In contrast, SS trends were weak in the Marmara 

Sea (maximum 2.2 mm/year) and even negative in the Aegean Sea (down to –3.5 

mm/year). 

 

• The Black Sea showed more distinct and statistically significant results in terms of 

storm surge trends compared to the Marmara, Aegean, and Eastern Mediterranean 

seas. 

 

• Future wave modeling results revealed spatial differences in wave height 

approaching the shore; increasing trends were especially prominent in the central and 

western parts of the Black Sea, with projected increases up to 20% in the 𝐻99. 

 

• ESL values calculated by combining TWL and wave runup showed that high wave 

effects were possible even though no flooding occurred in some regions. For 

instance, along the Turkish coast between Zonguldak and Sinop, ESL values 
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exceeded 5 m under RP100 conditions, yet flooding was not observed due to the 

steep coastal slope. 

 

• It was observed that SS was more pronounced in regions with wide continental 

shelves and low slopes. For example, the southwestern Azov Sea, characterized by 

very shallow bathymetry and mild slopes, exhibits projected RP100 SS increases of 

up to 590 mm by the end of the century. This amplification results from the 

accumulation of surge energy in shallow waters where bottom friction limits inland 

flow. The western and northwestern coasts of the Black Sea share similar 

characteristics and are likewise sensitive to such surge dynamics. 

 

• Wave runup height is higher on narrow, sloping coasts. In contrast, along the 

Romanian coast where the continental shelf is wide and slope is low, wave energy 

dissipates early, and average runup values remain between 0.6–0.8 m, even under 

moderate wave conditions. RP100 runup is also expected to remain relatively low 

compared to steep-slope regions.  

 

• The rise in sea level not only expanded the flooded area but also changed how the 

coastal slope affected runup. As a result, runup reached farther inland, especially on 

low-slope coasts, where the impact became more widespread and dangerous. 

 

• The spread of ESL values depends not only on SLR but also on wave contribution, 

coastal slope, and coastal morphology. ESL-based flood mapping showed up to 640 

km² of additional inundation under average conditions compared to TWL-based 

estimates. 

 

• Different dominant processes are striking among the countries bordering the Black 

Sea. While the SS effect is more prominent on the western and northern coasts 

(Romania, Ukraine, Russia), the wave runup effect is more prominent on the southern 

coasts (Türkiye, Georgia). In the Ukrainian and Russian coasts, the spatial 

distribution of these processes is heterogeneous due to the morphological structure 

and coastal slope.  
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• In the Turkish and Crimean coasts, the local contribution of wave runup to TWL can 

reach 100%. In other words, not including runup in TWL calculations in these 

regions means leaving out half of the ESL. In contrast, in Romania and Ukraine, the 

relative impact of runup remains mostly below 20%, with ESL dominated by SS. 

 

• Flood propagation analyses conducted on the Black Sea coasts have revealed 

different hazard profiles on a country basis. In the Turkish coasts, despite the high 

ESL values due to the high slope, flood areas have remained limited. In the western 

Black Sea, flood potential has increased due to the lower slope and low coastal 

morphology. In the Bulgarian and Romanian coasts, the wide continental shelf and 

low topographic elevation have played a role in increasing flood areas. While 

regional differences are striking on the Ukrainian coast, flood propagation on the 

Russian Black Sea coast has been morphologically more limited. In the Georgian 

coast, flood areas have formed near the coast in areas where wave effects are high. 

These results show that flood hazard is directly dependent not only on the ESL level 

but also on the coastal topography and slope structure. 

 

• The developed dynamic shoreline approach stands out as an innovative tool in terms 

of both wave energy transfer to land and spatial modeling of flood hazards. 

 

While the proposed framework has demonstrated high applicability and innovation, 

certain limitations must be acknowledged. The use of a single emission scenario and regional 

model restricts the scope of the uncertainty analysis. The empirical runup formula (Stockdon 

et al., 2006), though widely adopted, may not fully capture the variability across different 

coastal morphologies. Additionally, the components of ESL were modeled sequentially 

rather than in a fully coupled hydrodynamic system, which may overlook some nonlinear 

interactions. The 100-year return levels estimated using GEV distributions are based on only 

30 years of annual maxima, which may introduce uncertainty in the upper tail of the 

distribution, especially in areas with high interannual variability. Moreover, wave 

projections, runup calculations, ESL estimates, and flood extent mapping were conducted 

only for the end-century period (2071–2100), limiting the temporal scope of dynamic 

shoreline-based assessments. These factors, however, do not undermine the key findings but 

instead highlight areas for refinement in future research. 
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5.1.  Recommendations for Future Work 

 

 The methodological framework developed in this thesis has provided remarkable 

progress, especially with the dynamic shoreline approach and component-based ESL 

modeling. However, some limitations and omissions create potential areas for future 

research. The following suggestions include future directions that can address these 

limitations and take the study further: 

 

• In this study, flood areas were modeled only based on sea-oriented effects. In the 

future, developing models for compound flood events where river runoff, 

precipitation, and coastal effects are considered simultaneously may provide more 

accurate and holistic estimation of complex coastal hazards. 

 

• Although dynamic shoreline was used, working with coupled morphodynamic 

models that directly account for time-varying coastal erosion or morphological 

transformations may further advance flood propagation estimations. 

 

• Runup calculations were performed on commonly used parametric formulations 

(Stockdon et al., 2006) in this thesis. Classifying the coastal typology along the entire 

coast and selecting and applying the most appropriate empirical formula for each 

type (Gomes da Silva et al., 2020) will increase the accuracy of flood estimates. 

Comparison of these results with fully physically based hydrodynamic models, at 

least on a local-scale study, may be useful to test the reliability of the approach used. 

 

• Comparison with fully physical models based on computational fluid dynamics 

(CFD) on a local-scale study allows for evaluating the performance of the model in 

coastal flooding in terms of accounting for drainage, flow direction, and terrain-

specific effects. 

 

• The impacts of coastal flooding are not limited to physical distribution areas. 

Integrated risk maps can be created for future social and economic damage estimates, 

considering infrastructure, settlement, and ecosystem sensitivities. 
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• In the present study, the nonlinear relationship between SS and TE was taken into 

account. However, the potential nonlinear interaction between SS and wave effects 

was not taken into account. It is important to investigate methods that can handle this 

interaction together and test them with appropriate models (e.g., coupled surge-wave 

models). 

 

• Wave projections, runup calculations, ESL estimation, and flood mapping were 

conducted only for the end-century period (2071–2100). Future studies can expand 

the temporal coverage by including mid-century and/or near-future periods to 

investigate the progression of coastal hazards under different stages of climate 

change. 

 

• In this thesis, only a single climate dataset was used for projection. Multi-scenario 

and multi-model comparisons can contribute to uncertainty analysis and provide 

more robust information to decision makers. Separate calibration for each wind input 

is the most critical step in this process. 

 

• The number of regional sea level projection data with high spatial and temporal 

resolution should be increased with multi-scenario and multi-model comparisons. 

Increasing the availability of such data is especially necessary for improving 

uncertainty analyses, refining ESL estimates, and obtaining dynamic shoreline-based 

multi-model (ensemble) results. 

 

• Validation of model outputs has been limited to past flood events. Using real coastal 

measurements (e.g., runup cameras, radar data, LiDAR) and field data in future 

studies can improve model performance. 

 

• In regions with extensive flood spread or high runup values without overtopping, 

detailed local-scale feasibility studies should be conducted. Evaluating existing 

structures, infrastructure conditions, and coastal typology can inform region-specific 

mitigation strategies. 
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