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ABSTRACT 

 

IMPACT OF CLIMATE CHANGE IN THE SOUTHERN 

MEDITERRANEAN OF TURKEY:  

A METHOD TO ASSESS OYMAPINAR RESERVOIR’S INFLOW 

PROJECTIONS 

 

 

 

Mesta Yoleri, Buket 

Doctor of Philosophy, Earth System Science 

Supervisor: Prof. Dr. Elçin Kentel Erdoğan 

Co-Supervisor: Prof. Dr. İsmail Yücel 

 

 

June 2022, 352 pages 

 

 

Assessment of trends in climatological parameters observed in the last decades and 

the climate change projections through modeling studies indicated a high potential 

of increasing temperatures, decreasing precipitation, and runoff for Southern Europe 

and the Mediterranean basin. Within the scope of this study, climate change analysis 

for Antalya and its surrounding basins is conducted and the effects of climate change 

on streamflow in Oymapınar Basin and inflow of Oymapınar HEPP that is used for 

energy production are investigated. Climate change analyses are carried out using 

CORDEX Regional Climate Models and MRI’s (Japan Meteorological Research 

Institute) super high-resolution MRI-AGCM and NHRCM models. Precipitation and 

temperature projections are carried out using each of these models and also through 

ensemble analysis. HBV-light and HEC-HMS are used for hydrological modeling of 

the Oymapınar basin to identify likely impacts on streamflow as well as for short-, 

medium- and long-term analysis of the Oymapınar HEPP reservoir inflow. Almost 

all of the climate models used in the study predict a decrease in areal precipitation 
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means in the study area in the medium and long-term, and an increase in temperature 

for short-, medium- and long-term both for RCP4.5 and RCP8.5 scenarios. It is 

estimated that climate change effects that are expected to be experienced in 

temperature and precipitation will reduce the inflows to the Oymapınar HEPP 

reservoir, especially in the long term. In order to minimize the potential negative 

impacts of the variations in precipitation and temperature caused by climate change, 

and their effects on water resources and hydropower production, it seems necessary 

to develop effective adaptation strategies and start implementing them in a tiered 

manner. 

 

Keywords: Temperature, Precipitation, Hydrological Modeling, Multi-model 

Ensemble Analysis, High-Resolution Climate Models  
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ÖZ 

 

GÜNEY AKDENİZ, TÜRKİYE’DE İKLİM DEĞİŞİKLİĞİNİN ETKİSİ: 

OYMAPINAR REZERVUARI GİRİŞ AKIM TAHMİNLERİNİN 

DEĞERLENDİRİLMESİ İÇİN BİR YAKLAŞIM 

 

 

 

Mesta Yoleri, Buket 

Doktora, Yer Sistem Bilimleri 

Tez Yöneticisi: Prof. Dr. Elçin Kentel Erdoğan 

Ortak Tez Yöneticisi: Prof. Dr. İsmail Yücel 

 

 

Haziran 2022, 352 sayfa 

 

İklim parametrelerinde son yıllarda gözlemlenen eğilimlerin incelenmesi ve 

modelleme çalışmaları ile elde edilen iklim değişikliği projeksiyonları, Güney 

Avrupa ve Akdeniz havzasını içeren bölgede sıcaklıklarda artış, yağış ve yüzey 

akışlarındaysa azalmalara işaret etmektedir. Bu çalışma kapsamında, Antalya ve 

çevre havzaları için iklim değişikliği analizleri gerçekleştirilmiş, iklim değişikliğinin 

Oymapınar Havzası’ndaki su kaynakları ve Oymapınar HES giriş akımlarına etkileri 

araştırılmıştır. İklim değişikliği analizleri için CORDEX Bölgesel İklim Modelleri 

ve Japon Meteorolojik Araştırma Enstitüsü (MRI: Japan Meteorological Reserach 

Institute) tarafından geliştirilmiş olan süper yüksek çözünürlüklü Küresel (MRI-

AGCM) ve Bölgesel (NHRCM) İklim Modelleri kullanılmıştır. Yağış ve sıcaklık 

projeksiyonları hem tüm bu modeller tek tek kullanılarak hem de bütünleşik olarak 

hesaplanmıştır. Hidrolojik modelleme için hem HBV-light hem de HEC-HMS 

modellerinden yararlanılmıştır. Oymapınar HES rezervuarına gelecek olan su 

miktarları kısa, orta ve uzun vade için tahmin edilmiş ve enerji üretimleri 

hesaplanmıştır. Çalışmada kullanılan iklim modellerinin hemen hepsi hem RCP4.5 
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hem de RCP8.5 senaryoları için çalışma alanında orta ve uzun vadede alansal yağış 

ortalamalarında düşme, sıcaklıklardaysa kısa vade de dahil olmak üzere artış tahmin 

etmektedir. Sıcaklık ve yağışlarda yaşanması beklenen bu iklim değişikliği 

etkilerinin özellikle orta ve kısa vadede Oymapınar HES rezervuarına girecek 

akımları azaltacağı ve buna paralel olarak, HES’in yıllık enerji üretimlerinin kısa 

vadeye kıyasla orta ve uzun vadede düşeceği tahmin edilmiştir. İklim değişikliğinin 

yağış ve sıcaklıklarda yaratacağı faklılaşmalar ve bunların su kaynakları ve 

hidroelektrik enerji üretimine etkilerinin bölgedeki halkı ve doğal çevreyi minimum 

düzeyde etkilemesini sağlayabilmek için etkili adaptasyon stratejilerinin 

geliştirilmesi ve kademeli olarak uygulamaya alınmaya başlanması gerekli 

görünmektedir. 

 

Anahtar Kelimeler: Sıcaklık, Yağış, Hidrolojik Modelleme, Çoklu Model Bütünleşik 

Analizi, Yüksek Çözünürlüklü İklim Modelleri 
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CHAPTER 1  

1 INTRODUCTION 

1.1 Introduction 

IPCC in its AR6 (2022) reports that adverse impacts of climate change are likely to 

continue in the future. For the Mediterranean Region in addition to the increasing 

trend in mean air temperature that is highly likely to persist, mean precipitation is 

expected to decrease and water scarcity is exacerbated (IPCC, 2022). In that respect, 

in the case that the global increase in temperature relative to 1850-1900 reaches 2°C 

by mid 21st century, within the domain of Europe, unlike other regions in the domain 

(i.e., western and central Europe, eastern Europe, and northern Europe) climate 

change is expected (with high confidence) to create the regional impact of a decrease 

in precipitation and increase in dought (hydrological, ecological and agricultural) for 

the Mediterranean region (IPCC, 2022). Additionally, water scarcity due to potential 

changes in the hydrological cycle creates challenges in the allocation of water 

resources for various uses, catchment management, and further impacts of 

potentially cumulative and even irreversible in nature (IPCC, 2014). Findings from 

several studies support these projections indicating that the Mediterranean can be 

classified as a hotspot regarding climate change impacts. Turkey located in the 

eastern Mediterranean is also vulnerable considering the risk of a decrease in volume 

of water resources and stability of water supply. Furthermore, recent climate studies 

indicated Mediterranean Region of Turkey is likely to be among the most severely 

impacted areas in Turkey (Yıldırım and Yücel, 2019; Aziz et al., 2020; Aziz and 

Yucel, 2021). 

Hence, for sustainable and integrated planning, potential changes in precipitation and 

subsequent impacts on water resources should be evaluated. Evaluation of the 
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impacts on precipitation is vital for the identification of potential risks on resilience 

and/or operational efficiencies of existing infrastructure such as facilities for flood 

protection, drainage and irrigation, water supply, and hydropower plants (Bates et 

al., 2008). Assessment of impacts on catchment scale is crucial for the determination 

of optimal adaptation strategies and potential vulnerabilities. Furthermore, 

adaptation options are necessary to be designed with integrated demand-side as well 

as supply-side strategies. Therefore, catchment-scale analysis of impacts provides 

insight with much satisfactory detail compared to larger-scale analyses (Bates et al., 

2008).  

1.2 The Significance of the Study  

Despite its increasing importance, the assessment of the climate change impacts is 

still an emerging field of study in Turkey and there are still a very limited number of 

published works based on the use of multi-model ensemble including several 

GCM/RCM combinations. Furthermore, localized studies on climate change impact 

assessment towards the development of adaptation measures are still numbered. 

Therefore, this study aims to assess the climate change impacts with an added focus 

on the impact on streamflow that is expected to have a potential impact on 

hydropower generation in the selected case study area that can be considered as the 

first step of adaptation and planning against likely severe impacts in the future.  

Within that context, this study covers an assessment of potential climate change 

impacts on temperature and precipitation in a large study area including a major 

portion of the Mediterranean (and Aegean) coastline and also its inland that stretches 

through 10 of the 26 major basins and three of seven geographical regions of Turkey 

based on the projections from different climate models under two Representative 

Concentration Pathways (RCPs) defined in the fifth assessment report (AR5) of 

IPCC (i.e., RCP4.5 and RCP8.5) (IPCC, 2014) for the future timeframe until the end 

of the current century. Furthermore, the subsequent impact on future streamflow is 

assessed more in detail through hydrological modeling. The case study area selected 
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for streamflow impact assessment is the Manavgat River in the Middle 

Mediterranean (or Antalya) basin which necessitates integrated planning for flood 

protection, water use allocation, and planning for hydropower generation concerning 

potential climate change impacts. Hence, hydrological modeling is used for the 

assessment of impacts on streamflow of Manavgat River that feeds Oymapınar 

Hydroelectrical Power Plant (HEPP) based on recent climate projections.  

The analyses in the study demonstrate a gradual increase in temperature by the end 

of the 21st century for both climate scenarios in the entire study area. Furthermore, 

inter-regionally variable changes in the mean total precipitation and a decrease in the 

inflow of the Oymapınar reservoir are verified. 

1.3 Objectives and Scope of the Study 

In addition to the analysis of the potential impacts on temperature, precipitation, and 

streamflow, the study also targets to test several methodologies for climate change 

impact analysis at different stages of the assessment. These include testing of 

ensembling methodologies in comparison to the multi-model analysis approach 

using individual raw and bias-adjusted RCMs of high-resolution climate models to 

achieve a better reproduction of the hydrometeorology of the study area. 

Additionally, tools with different hydrological modeling approaches are tested for 

their simulation performances. Hence, one of the main objectives of the study is to 

lay out the steps for an efficient study flow towards the climate change impact 

assessment in the study area in Turkey considering available data, information 

sources, and tools. 

The study comprises three main components; Climate Analysis, Hydrological 

Modeling, and Streamflow Impact Analysis, to achieve the following targeted 

objectives along with the aforementioned main research objective: 

 Climatological analysis of the study area (SA) based on historical 

observations. 
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 Comparison of high-resolution climate models to identify models with the 

highest simulation skills for temperature and precipitation in the SA. 

 Dynamical downscaling of MRI-AGCM (Japan Meteorological Research 

Institute's Atmospheric Global Climate Model) model by the use of the 

regional climate model of MRI (Non-hydrostatic Regional Climate Model: 

NHRCM) to obtain high-resolution (5 km mesh size) climate projections for 

the SA.   

 Development of a representative rainfall and runoff model for the Oymapınar 

basin. 

 Comparison of two different hydrological modeling software with respect to 

modeling efficiencies and relevant advantages and disadvantages.  

 

Study for Climate Analysis is conducted with multi-model ensemble analysis 

approach for a study area (from henceforth will be named as Climate Analysis Study 

Area or CASA) covering a major portion of western, southern, and central Turkey. 

It provides climatological analysis of temperature and precipitation in Turkey by the 

use of meteorological observations by the Turkish State Meteorological Service 

(TSMS). Following the climatological analysis, high-resolution climate models from 

the EURO-CORDEX database and from Japan Meteorological Research Institute 

(MRI) are analyzed for their skills to replicate temperature and precipitation in 

Turkey. After the validation of climate models, a 14-member ensemble is used to 

analyze potential changes in temperature and precipitation in Turkey. 

The scope of the Climate Analysis and the relevant methodology are delineated to 

enable a comparison of different approaches for climate change impact analysis. 

Assessment of the climate change impacts is still an emerging field of study in 

Turkey and there are still a limited number of published works based on the use of 

multi-model ensembles including several GCM/RCM combinations. The 

methodology in this study is, therefore, developed to assess the adequacy and 

efficiency of various high-resolution climate models and methodologies. On this 

basis, the study targets to contribute to the relevant literature. 
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CORDEX RCMs, in the ensemble set in this study, are selected to enable a 

comparison with the results of other recently published research such as studies by 

Aziz et al. (2020) and Aziz and Yucel (2021) that are based on multi-model ensemble 

analysis with a large ensemble set of models. Furthermore, two high-resolution MRI 

climate models, which were not used in any earlier studies in Turkey, are also added 

to the analysis for a comparison with the CORDEX RCMs.  

Hence, the climate analysis includes a 14-member ensemble set comprising 12 (out 

of 20) of the RCMs (with daily outputs for the EUR-11 domain under both RCP4.5 

and 8.5 scenarios) available at the ESFG database at the time of the analysis and two 

MRI climate models with comparable or smaller mesh size with the CORDEX 

RCMs. Additionally, the ensemble set in this study enables comparisons between 

RCMs that are based on a particular GCM (e.g., HIRHAM5, CCLM4-8-17, 

RACMO22E, RCA4 nested in the ICHEC-EC-EARTH model), and between GCMs 

that are used as the boundary condition for a particular RCM (e.g., climate 

simulations with RCA4 using boundary conditions of ICHEC-EC-EARTH, CNRM-

CERFACS-CNRM-CM5, MOHC-HadGEM2-ES, IPSL-IPSL-CM5A-MR models), 

to verify their simulation skills for the SA.  

In this study, NHRCM nested in MRI-AGCM is run for the specific domain of the 

CASA. Assessment through NHRCM is intended to achieve a good simulation 

performance by putting more emphasis on the area of concern.  

Regarding the analysis of simulation performances, the bias-adjusted RCMs, 

produced by the CORDEX-Adjust project through post-processing with three 

commonly tested bias-adjustment methodologies, are selected from the CODEX 

Database to enable a comparison with raw RCMs. Furthermore, ensembling 

approaches, giving researchers certain advantages of improvement of the climate 

projections along with their ease of use in climate change impact assessment, are 

compared with those available simulation outputs to identify potential advantages or 

drawbacks. The second component of the research study, Hydrological Modeling, 

comprises mathematical modeling of the Oymapınar basin (Hydrological Modeling 
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Study Area or HMSA). The Oymapınar basin has a high surface water yield 

discharging to the Oymapınar Reservoir through the Manavgat River and is located 

in an area with complex topography. Hence, the basin located in a climate change 

hot-spot region is affected by orographic driving forces on hydrometeorology. 

Furthermore, the basin is under a relatively low anthropogenic impact (e.g., little 

abstraction and discharge, very few hydraulic control structures, and no reservoirs 

upstream of the basin) concerning the river discharge. Hence, based on these 

properties the Oymapınar basin boundaries are selected as the boundaries of the 

HMSA. 

In the Hydrological Modeling component, rainfall-runoff models of the basin are 

developed by the use of two hydrological modeling software, HEC-HMS, and 

HBV-light, with modeling setups based on different approaches. The use of two 

software with different approaches aims to assess their relative efficiencies. After the 

development of a representative model for the Oymapınar basin, the hydrological 

model is used for further streamflow impact assessment using the projections from 

climate models. The results from the hydrological models are initially validated 

against historical streamflow data and then analyzed for potential future changes in 

streamflow discharging to the Oymapınar Reservoir. Similar to the Climate 

Analysis, the Streamflow Impact Analysis methodology is laid out to compare 

different methodologies and identify ranges of uncertainty in streamflow projections.   

1.4 Description of Thesis 

The first chapter of this thesis provides general background on the topic and the main 

motive of the research study. In this chapter aim and scope of this study are also 

described briefly. Chapter 2 gives a brief review of the literature and a description of 

similar studies related to the various parts of this study. The following chapter 

(Chapter 3) presents details on the study area and data used. Methodologies followed 

in different parts of the study are given in Chapter 4.  Chapter 5 presents the findings 

from the Climate Analysis component of the study. Additionally, the results of 
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hydrological modeling using HEC-HMS and HBV-light software and details of the 

impact assessment are also given in Chapter 5 with relevant findings. Finally, 

Chapter 6 presents conclusions from the research study with relevant 

recommendations regarding the major study findings.   
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CHAPTER 2  

2 LITERATURE REVIEW 

2.1 Climate Change and Impacts in the Mediterranean and Turkey 

Human-induced climate change is the most prominent candidate for being the most 

severe problem for the Earth system today. Increasing Greenhouse Gases (GHGs) 

emissions from anthropogenic activities cause a striking increase almost at an 

exponential rate in GHGs concentrations after the Industrial Revolution. Among the 

GHGs CO2 is of particular concern due to its significantly long retention time. The 

atmospheric residence time for CO2 exceeds 100 years. In fact, only two-thirds of 

emitted CO2 is removed from the atmosphere after 100 years. Further removal to 

remain 20% of the emission takes 1000 years (Kharecha and Hansen, 2008). 

Increased emissions and atmospheric concentrations of GHGs are followed by 

severe impacts of climate change that are verified by the analysis of climate trends 

in recent years based on observations. 

In its Sixth Assessment Report (AR6) the Intergovernmental Panel on Climate 

Change (IPCC) stresses that it is certain that the current global climate change is 

originated from the results of anthropogenic activities and has already caused various 

severe impacts on the Earth System including global warming, changes in the water 

cycle, impacts on biosphere, mean sea level rise, loss in mass of glacier and Arctic 

Sea ice, and last but not the least ocean acidification (IPCC, 2021). The AR6 reports 

a net increase in global mean surface temperature between 0.8°C and 1.3°C by 2019 

compared to the second half of the 19th century. Climate change causing the shift of 

Mid-latitude storm tracks (IPCC, 2021) also catalyzed changes in the water cycle 

that is complicated in nature considering the local drivers influencing the formation 

of precipitation. Hence regional or even local variable impacts are observed on 

precipitation. 
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Historical climate data indicates an increase in global mean temperatures (global 

land average) since the 1980s whereas an increasing trend in mean temperatures in 

Turkey started in the 1990s but has shown a higher rate of increase compared to the 

global trend (Şen, 2018).  Hence, risks regarding climate change impacts have 

become more pressing after that time, and relevant studies gained a higher pace in 

the last decade. Turkey’s National Climate Change Adaptation Strategy and Action 

Plan published in 2012 by the Turkish Ministry of Environment and Urbanization 

(MoEU) emphasizes potential impacts on the water cycle and a decrease in Turkey’s 

overall water resources.  Strategic plan targets adaptation and mitigation strategies 

to deal with the risks regarding water resources due to climate change together with 

other environmental stresses that exacerbate such impacts.  The plan describes 

“Integrated Management of Water Resources in Water Basins for Adaptation to 

Climate Change” as an action item for the adaptation to climate change (MoEU, 

2012).   

The Mediterranean region including Turkey is expected to be among the most 

vulnerable regions to climate change impacts (Giorgi and Lionello, 2008). Studies 

on the historical temperature records demonstrated that the increase in global mean 

temperature triggered the escalation of maximum and minimum temperatures in the 

Mediterranean basin and created downstream adverse impacts (Kostopoulou and 

Jones, 2005; Kuglitsch et al., 2010; Efthymiadis et al., 2011; Bartolini et al., 2012; 

Tanarhte et al., 2015). The increase in extreme temperatures augmented the summer 

heatwaves, fire risk, and other extreme climate events with heavy socio-economic 

and ecological impacts in the Mediterranean basin including Turkey. Kuglitsch et al. 

(2010) studied the change in heatwave number, length, and intensity in the eastern 

Mediterranean region (including Albania, Bosnia‐Herzegovina, Bulgaria, Croatia, 

Cyprus, Greece, Israel, Romania, Serbia, Slovenia, Turkey) for the period between 

1960-2006 and identified certain parts of Turkey including eastern Black Sea 

coastline, western, southwestern, and central Turkey as the “Hot spots” of heatwave 

changes along with the western Balkans. Kostopoulou and Jones (2005) reported an 

increase in the Heatwave Duration Index (HWDI) in continental areas and especially 



 

 

11 

in the central Balkan countries by analyzing historical meteorological data between 

1958 and 2000 for the eastern Mediterranean region (Kostopoulou and Jones, 2005). 

Similarly, in their study in the central Mediterranean (i.e., central Italy), Bartolini et 

al. (2012) showed an increase of 0.9°C per 50 years. The results showed even higher 

trends in summer warming. 

Studies analyzing the trends in temperature changes, heatwaves, and extreme 

temperature events based on observational data across Turkey also verified adverse 

impacts of climate change in Turkey (Tayanç et al. 2009; Cagatan and Unal, 2010; 

Toros, 2012; Unal et al., 2013; Gönençgil and Deniz, 2015, 2016; Altın and Barak, 

2017; Erlat et al., 2021). Tayanç et al. (2009) analyzed the climate signal of 

temperature for the records between 1950 and 2004 and identified two periods 

concerning the temperature trends in the latter half of the 20th century; the first 

relatively cold period between the early 1960s and 1993 with the lowest temperature 

values on 1992–1993 owing to the eruption of Mount Pinatubo and a continuous 

warming period after 1993. The study showed significant warming for the south and 

southeastern Turkey, featuring increases in maximum and mean temperature series 

(Tayanç et al., 2009). Gönençgil and Deniz (2015, 2016) studied the seasonal 

maximum and minimum temperatures and found an increasing trend for warm spells 

and a decreasing trend for cold spells for the Mediterranean coastline in Turkey. 

Additionally, they have identified that the increasing trend of warming is more 

pronounced after the mid-1990s, whereas the onset of the decreasing trend of cold 

spells was in the mid-1980s (Gönençgil and Deniz, 2015, 2016). 

Studies on heatwave trends in western Turkey showed the increase in the number of 

hot days and heatwaves, and in heatwave durations in recent decades. Accordingly, 

the increasing trend is more evident in inland stations with an even higher rate 

observed in the 2000s relative to the 1970s with a threshold date of 1998 identified 

for the initiation of increase in the frequency of heatwaves (Cagatan and Unal, 2010; 

Unal et al., 2013). Additionally, Unal et al. (2013) emphasized the significant 

correlation between the number of heatwaves and the fire occurrences for most of 

the stations in their study area. 
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Toros (2012) indicated the beginning of the 1980s as the start of the increasing trend 

in temperature and compared the monthly average temperatures in two decades 

before and after 1985. The comparison showed an increase in maximum and 

minimum temperatures. The analysis revealed a stronger increase in extreme 

maximum temperatures than the increase in extreme minimum temperatures (Toros, 

2012). Similarly, the comparison of heatwave trends before and after 1985 by Erlat et 

al. (2021) demonstrated a statistically significant increase in heatwave conditions 

after 1984. Erlat et al. (2021) also reported more evident changes in the heatwave 

characteristics after the middle of the 1990s regarding the Black Sea and the 

Mediterranean coasts. In their study in the Adana Sub-region of the Eastern 

Mediterranean coast of Turkey, Altın and Barak (2017) showed a statistically 

significant positive anomaly for the number of summer and tropical days above the 

long-term average for the duration between 1993 - 2014. 

Regarding the climate change impacts on hydrology Yucel et al. (2015) analyzed 

historical (1970 - 2010) monitoring data on streamflow, temperature, and 

precipitation in eastern Turkey covering five major basins of Turkey including the 

Tigris and Euphrates basins. Their findings delineated significant temperature 

increases that also lead to a shift in the timing of peak flows due to snowmelt-fed 

stream discharges. However, the change in the mean annual precipitation in the study 

area is estimated to be statistically non-significant (Yucel et al., 2015). Considering 

potential severe impacts of climate change aggravated by increasing atmospheric 

GHGs concentrations climate models are used to project potential future changes in 

climate parameters. The climate models provide data for further climate change 

impact assessment that forms the basis of planning sound mitigation and adaptation 

strategies. 

Within that scope, studies for the assessment of impacts from climate change in 

Turkey by the use of projections from climate models were conducted to focus on 

potential impacts considering forestry, ecosystem dynamics, crop yield, energy, 

management of extreme events and reservoir planning, and tourism activities 

(Fujihara et al., 2008; Özdoğan, 2011; Sen et al., 2012; Deidda et al., 2013; Kara and 
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Yucel, 2015; Öztürk et al., 2015; Sunyer Pinya et al., 2015; Yilmaz, 2015; Kara et al., 

2016; Demircan et al., 2017; Mehr and Kahya, 2017; Bucak et al., 2018; Dino and 

Akgül, 2019). 

2.2 Climate Change Modeling and Ensemble Analysis 

The main tool for the generation of projections on future climate change is Global 

Climate Models (GCMs). GCMs are based on the description of atmospheric 

processes through mathematically formulated physical laws to obtain future climate 

projections based on some predefined emission scenarios. GCMs are intended to 

provide general predictions on climate on a global scale and do not provide 

predictions with regional scale resolution because regional or local scale processes 

cannot be included in these models due to their complexity. Accuracies for local-

scale assessments have limitations because GCMs lack detailed regional 

information, which is needed to resolve features at the catchment scale. In addition, 

due to their coarse resolution, GCMs have the disadvantage of relatively poor 

representation of some significant atmospheric processes such as orographic 

precipitation, conventional processes, and local scale hydrologic processes (Fujihara 

et al., 2008; Sato et al., 2012). Therefore, for precipitation GCMs do not provide 

sufficient resolution for assessment in regions where complex topography work as a 

significant factor in local processes (Sunyer Pinya et al., 2015; Lun et al., 2021; 

Park et al., 2021). Use of course scale GCM outputs directly for the purpose of 

assessment of local hydrological processes without any bias correction and further 

downscaling may create results with lower accuracy, particularly for assessments on 

a local scale (Sharma et al., 2007; Piani et al., 2010; Jaw et al., 2015).   

In order to overcome such drawbacks and produce data with higher resolution, 

dynamical downscaling can be applied by the use of Regional Climate Models 

(RCMs) (Fujihara et al., 2008). Dynamical downscaling through RCMs uses outputs 

of GCMs as boundary conditions and generates higher resolution data (Kara and 

Yücel, 2015). RCMs generally have biases due to reasons such as imperfect 
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conceptualization or biases that are inherited from the GCM in which RCM is nested 

(Fujihara et al., 2008; López‐Moreno et al., 2008; Teutschbein and Seibert, 2012). 

Hence, in order to obtain better accuracy of data that complies with local conditions, 

bias correction (or bias adjustment) through methodologies that range from simple 

scaling to complex bias correction methods is applied (Kara and Yücel, 2015). 

Although bias adjustment techniques have the advantage of being computationally 

inexpensive they may have certain weaknesses (IPCC, 2015). As a result, the use of 

different RCMs and different bias correction methodologies may create advantages 

and disadvantages for the simulation of different processes that might be more 

significant for certain locations, seasons, or periods for high-resolution climate 

projections. 

Different designs and assumptions on atmospheric conditions and processes in the 

climate models as well as post-processing of the outputs by the use of different bias 

adjustment approaches create variability in the climate projections. Several studies 

on climate projections by the use of various climate models revealed uncertainties 

and significant variability of projections (López‐Moreno et al., 2008; Sunyer Pinya 

et al., 2015) which leads to the main weakness of single model-based climate change 

analysis. On the other hand, the multi-model ensemble analysis approach aims to 

overcome the shortcomings of single-model analysis. Most studies indicate that 

ensemble analysis generates superior results over single model use and improves 

understanding of uncertainties (Tebaldi and Knutti, 2007; Sunyer Pinya et al., 2015). 

The use of different models with different model setups in the ensemble aims to 

diminish model biases due to poorly represented processes through offsetting by 

better-represented processes in other models in the ensemble.  

Ensemble analysis includes the generation of ensemble projections by the use of 

individual models selected as ensemble members. In that respect, different 

approaches can be followed such as perturbed physics ensembles (PPEs) or so-called 

ensembles of opportunity or multi-model ensembles (MMEs). In the PPE approach, 

a climate model is run for variations in different parameters to detect parameter 

uncertainties and biases (Déqué et al., 2007; Lopez et al., 2009). In the MME 
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approach, a combination of a set of models is obtained (Tebaldi and Knutti, 2007) 

by the use of various methodologies such as simple averaging, weighted averaging, 

etc. Ensemble obtained by averaging all models is commonly used for climate 

change impact assessment studies (Kitoh, 2007; Özdoğan, 2011; Okkan and İnan, 

2015) and actually is based on assigning equal weights to all ensemble members. In 

weighted averaging of ensemble members, model weights can be defined based on 

some predefined criteria such as performance metrics, statistical indicators, or 

similar (Giorgi and Mearns, 2002, 2003; Tebaldi and Knutti, 2007; Christensen 

et al., 2010). The method for selection of model weights can vary from simple to 

complicated approaches such as statistical analysis, regression, and neural network 

analysis (Giorgi and Mearns, 2002, 2003; Boulanger et al., 2006, 2007; Sirdas 

et al., 2007; Okkan and Kirdemir, 2016). Several studies testing the performance of 

ensemble analysis demonstrated improvement in the coherence of the results and 

better values of statistical performance indicators compared to single model analysis 

(Hagedorn et al., 2005; Tebaldi and Knutti, 2007; Sunyer Pinya et al., 2015). The 

use of ensembling in climate analysis is getting more common recently and studies 

are conducted on the topic to investigate different methodologies making them 

available for use in climate impact assessment (Lopez et al., 2009). 

Among the methodologies to produce ensemble projections, the approach of 

Superensemble (SE) is based on the use of Multiple Linear Regression (MLR). In 

this approach, models in the ensemble are combined with weights or coefficients 

identified through MLR so as to obtain the best fit of the ensemble with the observed 

by the use of the least-squares method (Krishnamurti et al., 1999, 2000, 2016; 

Stefanova and Krishnamurti, 2002). Studies to assess the efficiency of SE verified 

improvement in performance indicators by SE relative to single model assessment 

and ensembling with model averaging (Krishnamurti et al., 1999, 2000, 2016; Yun 

et al., 2005; Cane and Milelli, 2010). Furthermore, the comparison of the efficiency 

of SE with the averaging of bias-adjusted model outputs indicated better results for 

SE. Hence, SE provides an aggregated bias adjustment in the model set by giving a 

weight to each ensemble member (even negative weights depending on the 
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convergence/divergence from the reference data) to minimize difference from 

observed (Krishnamurti et al., 1999, 2000; Yun et al., 2005).  

For the dissemination of information to users of climate projections, to establish a 

framework of regional-scale climate projections, and to support the 

above-mentioned studies regarding regional climate modeling and impact 

assessment within the European domain the European‐COordinated Regional 

Downscaling EXperiment (EURO-CORDEX) initiative was established by the 

World Climate Research Programme (WCRP). EURO-CORDEX publicizes data 

from RCM simulation results for the EURO domain via the Earth System Grid 

Federation (ESGF) which supports a publicly available and accessible online 

database (Jacob et al., 2020).  Furthermore, to foster the climate change impact 

assessment studies EURO-CORDEX RCM projections post-processed for bias 

adjustment with different methods are also publicized under the CORDEX-Adjust 

project through the climate4impact portal on ESGF (IPCC, 2015). 

2.3 Hydrological Modeling and Climate Change Impact Assessment 

Hydrological models provide a tool for the simulation of river systems draining a 

designated catchment area. In general terms, modeling provides simplification of 

complex natural systems. Hence, hydrological modeling provides a better 

understanding of behaviors of the basin as the modeled system or various conditions 

as a complete single unit or as composed of its subunits each with specific features 

in itself (Xu, 2002). Hydrological models simulating the rainfall-runoff relationship 

of catchment areas and associated river systems are used for various purposes 

including predictions for varying or changing conditions, assessment of potential 

outcomes combined with the variations in hydrological elements that enable 

evaluation of alternative conditions and scenarios. Hence, hydrological models are 

frequently used as a significant tool for decision-making in catchment management 

and water use planning as well as for predictions and impact assessments for 

changing climate parameters.  
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Depending on the type of the study and outputs that are intended to be obtained, the 

type of hydrological model can be selected (Xu, 1999; Kour et al., 2016). The type 

of model (Figure 2.1) (Singh, 1998; Xu, 2002) that is most suitable for the purpose 

of the study should be decided based on the objective of the study, type of system to 

be modeled, hydrological response (i.e., flood, monthly or daily discharges, etc.) that 

is aimed to be simulated, data availability, and model resolution targeted to be 

achieved. This study is based on the mathematical hydrological modeling approach 

for the purpose of impact assessment on streamflow. Mathematical models or 

symbolic models target the simulation of the system and representation of important 

hydrological components and relations among those by the use of mathematical 

methods. The use of mathematical modeling in hydrological assessment is rigorously 

tested for its efficiency in similar studies in the literature (Prudhomme and Davies, 

2009; Teutschbein and Seibert, 2012; Meenu et al., 2013; Kour et al., 2016). 

 

 

Figure 2.1. Hydrological Modeling Types (modified from Singh, 1998 and Xu, 2002) 

 

According to the description of the hydrological processes in model setup, 

mathematical models are developed as Theoretical models, Empirical models, or 
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Conceptual models (Singh, 1998; Xu, 2002; Devi et al., 2015; Sitterson et al., 2018). 

Theoretical and empirical models can be accepted to be at the two extremes of 

mathematical modeling with respect to the methodology followed to include the 

physical process description in the mathematical model structure. Empirical models 

(e.g., regression models, correlation models, ANN models, etc.) are completely 

observation-based models and do not focus on the understanding of physical 

processes, whereas Theoretical models are based on the description of every 

hydrological process in the system by the use of finite difference equations (Xu, 

2002; Devi et al., 2015). Conceptual modeling is between these two approaches and 

is based on semi-empirical equations with a physical basis. Model parameters are 

derived from field data and calibration (Devi et al., 2015; Sitterson et al., 2018). 

Hence, the simulation of basin hydrology (i.e., rainfall-runoff relationships) with a 

conceptual modeling approach enables the use of semi-empirical equations to define 

hydrological features of the basin that is further improved through parameter 

optimization by the use of available historical records to eliminate potential data gaps 

or biases in monitoring data (Wagener et al., 2001; Yener et al., 2007). 

Depending on the detail in the spatial description of catchment processes, a 

mathematical model can be developed as lumped, in which the basin is simulated as 

a single homogeneous unit, semi-distributed, in which the basin is simulated as a 

composition of sub-basins with different but homogeneous features within 

themselves, or distributed that treat catchment as multiple units composed of 

elementary unit areas like a grid net and flows are passed from one grid point (node) 

to another as water drains through the basin (Devi et al., 2015; Sitterson et al., 2018). 

The selection of a suitable approach regarding spatial detail of the basin feature is 

based on the available data types and properties (topography, land use, vegetation 

cover, soil properties, etc.). 

The selection of the duration of the hydrological simulation is also important in the 

model setup. Two main approaches are event-based modeling and continuous 

modeling. Event models are focused on the simulation of single storm events to 

verify the response of the model basin to the relevant event. Event models are to 
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simulate the basin hydrology during and immediately after a storm. On the other 

hand, a continuous simulation model enables the analysis of hydrology as a response 

to a series of storm events and the cumulative response of the basin (e.g., wet, dry 

conditions, etc.) in longer durations (Chu and Steinman, 2009). Hence, continuous 

models are developed by the use of long-term observed meteorologic and hydrologic 

data.  

In this study, two different models, a complex and semi-distributed and a simpler 

conceptual hydrologic model are developed for the study basin to assess climate 

change impacts on streamflow. The first hydrologic modeling software used in this 

study is HEC-HMS (Scharffenberg, 2015) which is frequently used for the event 

(Knebl et al., 2005; Shahid et al., 2017) and continuous modeling (Fleming and 

Neary, 2004; Gyawali and Watkins, 2013; Halwatura and Najim, 2013) of basins 

across the world. Chu and Steinman (2009) tested HEC-HMS’s efficiency in 

continuous and event modeling for the Mona Lake basin in the USA and verified its 

skill in replication of observed flows. HEC-HMS was used to model the Tonle Sap 

Lake basin in Cambodia by Chea and Oeurng (2017) satisfactorily. Du et al. (2012) 

successfully modeled the Qinhuai river with HEC-HMS to assess changes in runoff 

and flooding in the basin due to urbanization. Furthermore, HEC-HMS is used for 

climate change impact assessment studies in Tunga–Bhadra River basin in India 

(Meenu et al., 2013), Blue Nile River basin in Ethiopia (Yimer et al., 2009), Bagmati 

River basin in Nepal (Babel et al., 2014) through mathematical modeling of the 

basins by the use of climate projections. Several other studies from different regions 

of the world also used HEC-HMS to assess the risks combined with climate change-

induced extreme events. On that subject, Cunderlik and Simonovic (2007) studied in 

Thames River basin in Canada, and Givati et al. (2016) studied the Ayalon basin in 

Israel. HEC-HMS was also successfully used in many studies in Mediterranean 

Region (Bouabid and Elalaoui, 2010; Givati et al., 2016; Aqnouy et al., 2018; 

Zapata-Sierra and Manzano-Agugliaro, 2019), and in Turkey (Yener et al., 2007; 

Yücel and Keskin, 2011; Yılmaz et al., 2012; Koçyiğit et al., 2017). 
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The other conceptual modeling software used in the study is the HBV-light model 

which is a version of HBV (Hydrologiska Byrns Vattenbalansavdelning) developed 

by SMHI (Swedish Meteorological and Hydrological Institute). HBV-light works 

with the multi-tank principle and enables semi-distributed hydrological modeling 

(Seibert, 2005). Although not as common as the HEC-HMS model, HBV-light has 

been used for several hydrological studies since the early 1970s. Rainfall-runoff 

simulation in HBV-light is generated based on the use of three main meteorological 

time series: precipitation, temperature, and evapotranspiration (Seibert, 1997). 

HBV-light is proven to be successfully used in hydrological assessment including 

climate change impact assessment studies across the world.  

In their multi-model ensemble analysis study, Graham et al. (2007) used HBV to 

assess climate change impacts and potential changes in hydropower potential in the 

Lule River basin in Sweden. Dariane and Javadianzadeh (2016) used a modified 

version of HBV-light to successfully develop a conceptual lumped hydrological 

model of three basins in Iran. Osuch (2015) tested the effect of the climatologic 

drivers on hydrological model parameters by the use of HBV at four basins in 

Poland. Their study verified that the model parameters are dependent on the climate 

indices at a statistically significant level. 
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CHAPTER 3  

3 CASE STUDY 

As detailed in previous chapters, Turkey is located in a vulnerable region considering 

the potential future impacts of climate change. To identify potential local impacts, 

temperature and precipitation projections for a study area including a major portion 

of the coastline of the Mediterranean and Aegean seas and its hinterland are 

analyzed. Additionally, concerning further changes in local hydrology, the impact 

on streamflow is assessed for the case study area covering the Oymapınar basin 

through rainfall-runoff modeling. The objective of the streamflow impact assessment 

in the Oymapınar basin is to identify potential vulnerabilities in the case study area 

regarding changes in surface water, which requires to be addressed for future water 

resources management and adaptation planning, with a particular focus on water 

supply for hydropower. 

This chapter describes the study areas used at different stages of the study and 

provides details on physical and hydrometeorological properties that are relevant to 

the climatologic and hydrologic assessment. Additionally, the details of the data used 

in these analyses are provided. 

3.1 Study Area 

The main components of the study are Climate Analysis, Hydrological Modeling, 

and Streamflow Impact Analysis. Each analysis is undertaken to focus on a specific 

study area or receptor of concern (Figure 3.1). The relevant descriptions are given in 

the following subsections. 
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Figure 3.1. The location of the study area (lower left panel: Climate Analysis Study 

Area and lower right panel: Hydrological Modeling or Streamflow Impact Analysis 

Study Area) 

3.1.1 Climate Analysis Study Area 

The location of the study area is shown in Figure 3.1. In the study, regional-scale 

climate analysis is undertaken for a domain covering the Climate Analysis Study 

Area (CASA) comprising partially or fully, 10 of the major watersheds and three of 

the geographical regions of Turkey (Figure 3.2). The CASA is a part of the eastern 

Mediterranean basin and is located between Eastern Europe and the Middle East 

forming a transition zone between the two. The Mediterranean basin has a variable 

topography including geographical features such as gulfs, islands, and peninsulas, 

distinct basins, inland waters, and sharp topographical characteristics ranging from 

plain to mountainous landscapes that influence regional atmospheric circulation, and 
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add complexity to the local climate forcings (Lionello et al., 2006). Furthermore, 

several teleconnections such as North Atlantic Oscillation (NAO) and East Atlantic 

West Russia (EAWR) climate systems (Krichak et al., 2002; Evans, 2009) influence 

the regional climate along with the local processes. The Mediterranean Sea itself also 

exerts critical control over the climatology of the region (Hemming et al., 2010; 

Palatella et al., 2010).  The Taurus Mountains stretching parallel to the southern 

Mediterranean coast forms the basin divide between southern basins (eastern, 

western, and middle Mediterranean basins) and basins located in the inland areas. 

The Taurus Mountains also form the boundary between the Mediterranean and 

Central Anatolia regions and act as a barrier to the effect of the Mediterranean Sea 

between the two regions creating diversified climatic conditions. On the western 

Aegean coast, on the other hand, the perpendicular stretch of the mountains to the 

coastline enables westerly flow to reach farther inland (Önol and Unal, 2014). Hence, 

complex topography and surrounding seas create diversified climatic conditions in 

each geographical region (Sensoy et al., 2008; Sensoy and Demircan, 2016). 

 

 

Figure 3.2. Map of the Climate Analysis Study Area (CASA), showing the locations 

of the meteorological stations used in this study 
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There are 131 meteorological monitoring stations operated by the Turkish State 

Meteorological Service between 1950 – 2005 in the CASA. However, the analysis 

of the quality of the monitoring data indicates that only 59 of these stations 

(Figure 3.2) provide continuous time series adequate for the purpose of the study. 

Further details on the historical monitoring data and a list of meteorological stations 

used in this study are given in Section 3.2.1. 

3.1.2 Hydrological Modeling and Impact Analysis Study Area 

The local climate change impact on streamflow is studied for an area limited to the 

Oymapınar basin and its vicinities (Figure 3.3). Hydrological Modeling Study Area 

(HMSA) or Streamflow Impact Assessment Area covers the area from which the 

surface flow drains into the Oymapınar HEPP through the Manavgat River network 

and the surrounding area including MSs that provide sufficient historical 

meteorological data time series. Details on the streamgages and meteorological 

stations in and around the Oymapınar basin in the HMSA are given in Section 3.2. 

Oymapınar basin comprises approximately 1880 km2 drainage area which is 75% of 

the entire Manavgat River basin. Downstream of Oymapınar HEPP, Manavgat River 

feeds Manavgat HEPP with an additional 118 km2 drainage area. Reference data of 

the historical climate in and in the vicinity of the HMSA are obtained from seven 

meteorological stations, Bucak (7538), Akseki (8229), Antalya Airport (17300), 

Alanya (17310), Seydişehir (17898), Hadim (17928), Manavgat (17954), operated 

by TSMS (Figure 3.3).  According to long-term historical meteorological data for 

the 1966-2005 period, the mean annual temperature for the MSs in the region ranges 

between 10°C and 19°C. The lowest and highest mean temperatures are observed in 

winter at Hadim MS (-0.15°C) and in summer at Antalya Airport MS (27°C), 

respectively (Table 3.1). Historical maximum mean summer temperatures at Akseki 

and Manavgat MSs located in the Manavgat basin are 26°C and 28.5°C, respectively, 

whereas, minimum mean winter temperatures at these stations for the same period 

are 1.5°C and 9°C, respectively.   
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Figure 3.3. Map of the Hydrological Modeling Study Area (HMSA), top panel: 

Reference MSs around the Oymapınar basin in the HMSA; bottom panel: Oymapınar 

and Manavgat basins and streamgages on Manavgat River. 
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Table 3.1 Annual and seasonal mean temperature (°C) climatology for the period 

between 1966-2005 

 Meteorological Stations 

St ID 7538 8229 17300 17310 17898 17928 17954 

St Name Bucak Akseki 
Antalya 

Airport 
Alanya 

Seydi-

şehir 
Hadim 

Manav-

gat 

Elevation 

(mASL) 
850 1150 64 6 1129 1552 38 

DTS1 (km) 65 42 6 — 82 63 4 

Annual 14.28 13.48 18.44 19.15 11.50 9.57 18.66 

DJF2 4.82 4.12 10.47 12.25 0.96 -0.15 11.14 

MAM2 12.41 11.26 16.28 16.95 10.47 8.18 16.43 

JJA2 24.51 23.49 27.03 26.32 21.78 19.36 26.62 

SON2 15.52 15.09 19.99 21.07 12.78 11.22 20.44 

 

Table 3.2 Annual and seasonal mean daily precipitation (mm/day) climatology for 

the period between 1966-2005 

 Meteorological Stations 

St ID 7538 8229 17300 17310 17898 17928 17954 

St Name 
Bucak Akseki 

Antalya 

Airport 
Alanya Seydisehir Hadim Manavgat 

Annual 2.03 4.58 3.04 3.00 2.03 1.78 3.02 

DJF2 3.23 7.78 7.29 6.52 3.89 3.38 7.10 

MAM2 2.11 3.36 2.11 2.22 1.93 1.80 1.89 

JJA2 0.71 0.71 0.14 0.19 0.52 0.44 0.15 

SON2 1.34 3.52 2.79 3.14 1.83 1.48 3.06 

                                                 

 

1 DTS: Distance to the sea in km  

2 DJF: December, January, February, MAM: March, April, May, JJA: June, August, July, SON: 

September, October, November.  
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Oymapınar basin and its surroundings have an undulating topography with altitudes 

ranging from 100 mASL at the valley bottom to above 2500 mASL at the ridges 

bordering the basin in the north and northeast (Figure 3.4). The mean altitude of the 

basin is 1371 mASL. The highest altitudes are the northeast water divide of the basin 

where the Taurus mountain ridges stretch parallel to the coastline (in NW-NE 

direction) and exceed 2500 mASL. The hypsometric curve and the topographical 

map of the Oymapınar basin are given in Figure 3.4. The slope map of the basin is 

given in Figure 3.5. 

 

 

Figure 3.4. Oymapınar basin topography (NASA JPL, 2013) and hypsometric curve 

 

 

Altitude Min 60 Avg 1371.4 

mASL Max 2739 Std Dev 441.5 

mASL Area (km2) 
Altitude 
(mASL) 

Cumulative 
Area (km2) 

Ratio  (%) 

60-250 8 < 250 8 0.43 

250-500 36 < 500 44 2.33 

500-750 100 < 750 144 7.64 

750-1000 201 < 1000 345 18.36 

1000-1250 444 < 1250 789 41.98 

1250-1500 431 < 1500 1,219 64.91 

1500-1750 270 < 1750 1,490 79.30 

1750-2000 215 < 2000 1,704 90.72 

2000-2250 117 < 2250 1,821 96.94 

2250-2500 52 < 2500 1,873 99.68 

2500-2739 6 < 2739 1,879 100.00 
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Figure 3.5. Oymapınar basin slope map 

 

3.1.2.1 Land Cover and Canopy 

Forests and seminatural areas cover most of the Manavgat basin. The agricultural 

areas mostly found in the valley bottom and at the south of the basin form the 

secondary land use in the basin (TÜBİTAK MAM, 2013). Vegetation and land cover 

types in the Oymapınar basin are assessed based on the Corine 2018 data (EEA, 

2020). Oymapınar basin land cover map based on Corine 2018 is illustrated in 

Figure 3.6. Accordingly, the dominant land cover type in the Oymapınar basin is 

transitional woodland-shrub (36% of the basin). Land with coniferous forests, bare 

rocks, sparsely vegetated areas, lands with sclerophyllous vegetation are other major 

land cover types in the basin. The distribution of the land cover types within the basin 

is given in Table 3.4. 
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Figure 3.6. Land cover types in the Oymapınar basin, CLC 2018 (EEA, 2020) 

 

Table 3.3 Distribution of different land cover types in the Oymapınar basin 

Land cover type 
Coverage 

km2 % 

Transitional woodland-shrub 682 36.3 

Coniferous forests 379 20.1 

Bare rocks 280 14.9 

Sparsely vegetated areas 170 9.0 

Sclerophyllous vegetation 166 8.8 

Land principally occupied by agriculture, with significant areas of 

natural vegetation 
76 4.0 

Natural grassland 33 1.7 

Water body 6 0.3 

Other  90 4.8 
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3.1.2.2 Geology, Hydrogeology, and Soil 

Major formations within the HMSA are Antalya Miocene Basin in the south and 

Anamas Akseki relative autochthon in the north at higher elevations (Akay et al., 

1985). In addition, at the northeast of the basin, the upstream of the Manavgat basin 

comprises nappes originated from the north (Akay et al., 1985). Within the HMSA 

the Antalya Miocene Formation comprises Oymapınar Limestone that is mainly 

composed of reef limestone and at the east of the Manavgat district Karpuzçay 

Formation that is mainly formed by shale-sandstone-conglomerate alternation. The 

coastline of the Manavgat basin which is located downstream of the Oymapınar basin 

is composed of Quarternary deposits (Akay et al., 1985).   

The groundwater aquifer within the HMSA is Manavgat-İbradi-Cevizli Aquifer. The 

aquifer characteristics and the groundwater allocation is studied in detail by DSI 

within the scope of the Hydrological Survey of Manavgat-İbradi-Cevizli Aquifer 

(Koray Üstebay et al., 2018). According to the aquifer map provided in the Report 

of Hydrological Survey of Manavgat-İbradi-Cevizli Aquifer (Koray Üstebay et al., 

2018), the aquifer area overlap with the surface flow drainage area of the Oymapınar 

basin at most of the upstream section (Figure 3.7). Furthermore, no important 

groundwater abstraction is identified within the upstream basin of the Oymapınar 

reservoir that may have a significant impact on the water balance of the basin. 

The HMSA and its vicinities are majorly composed of lands with red Mediterranean 

soil (i.e., terra rosa) that is commonly found to cover limestone formations in the 

Mediterranean region. The soil classification by former KHGM (General Directorate 

of Rural Affairs) describes the lands in the area as lithosolic with inclinations 

exceeding 30% (KHGM, 1993). In addition to terra rosa known to be a soil type of 

low quality for agricultural purposes, although less common, lands covered with bare 

rock outcrops at the upstream of the basin and lands with alluvial and colluvial soils 

that are suitable for agricultural land use at the valley bottoms are found in the basin 

(KHGM, 1993). 
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Figure 3.7. Topographical map showing Manavgat-İbradı-Cevizli aquifer and 

Manavgat, Oymapınar surface water basins (Koray Üstebay et al., 2018) 

 

Based on the FAO/UNESCO World Soil Map, soils in the area are classified as 

Leptosols which are commonly found in the Mediterranean basin at steep slopes and 

undulating topography. Leptisols generally cover lands in karstic landscapes with 

degraded vegetation cover and are shallow soils under erosion impact (Kurucu and 

Esetlili, 2018). 

3.1.2.3 Hydrology 

Manavgat River is the largest stream within the streamflow impact assessment area. 

It is also the largest river in the Middle Mediterranean basin other streams in the area 

are mostly creeks of an ephemeral character.  Manavgat River running through the 

basin with an approximately 90 km stream length originates from the east part of the 
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western Taurus Mountains. The river crosses conglomerate units and flows into the 

valley forming the Manavgat Waterfall downstream and discharges into the 

Mediterranean Sea 6-7 km south of the Manavgat district (Koray Üstebay et al., 

2018).  

A few natural springs in the basin discharges into the Manavgat River. Among those, 

Dumanlı spring has the highest flow rate. Dumanlı spring emerging from inside the 

Oynapınar reservoir area discharges directly into the reservoir and has a significant 

contribution to the reservoir inflow  (Koray Üstebay et al., 2018; H. Coşkun, 

personal communication, September 10, 2019). Other major natural springs within 

the Oymapınar basin are Sinanhoca-Evga, Değirmenlik- Sugözü and Üzümdere 

springs. No natural lakes are located within the Oymapınar basin. Akseki-Cevizli 

pond is located in the northeastern part of the Oymapınar basin, on the Kalın creek 

that is an upstream tributary of the Manavgat River. Akseki-Cevizli pond is operated 

by DSI for agricultural irrigation of 220 hectares of land (Yolsu Mühendislik, 2018; 

Koray Üstebay et al., 2018). Other agricultural irrigation facilities abstracting surface 

water from Manavgat River operated by DSI include Manavgat – Oymapınar 

pumped irrigation infrastructure, Manavgat right bank irrigation infrastructure, and 

Manavgat - Ulualan irrigation facility all of which are located downstream of 

Oymapınar HEPP (Yolsu Mühendislik, 2018). Three reservoirs in operation in the 

Manavgat basin are Oymapınar reservoir, Manavgat reservoir, and Naras reservoir. 

The Naras reservoir which is located outside of the Oymapınar basin on Kargı creek, 

the east tributary of Manavgat River, is operated by DSI for irrigation and flood 

protection purposes. Downstream of the Naras reservoir, Kargı creek flows into the 

mainstream of Manavgat River at a point downstream of Oymapınar and Manavgat 

reservoirs. Other than the Akseki-Cevizli irrigation pond there are no reservoirs or 

ponds located within the Oymapınar basin (Koray Üstebay et al., 2018).  

Analysis of the observed streamflow in Manavgat River at streamgages operated by 

DSI for the period between 1987-2015 indicates that the mean annual total flow at 

the Sinanhoca streamgage at the upstream of Oymapınar HEPP is 2039 hm3/yr (see 

Section 5.2 for details). Downstream at Şelale streamgage (downstream of 
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Oymapınar and Manavgat HEPPs, see Figure 3.3) total annual streamflow of 

Manavgat River reaches 3951 hm3/yr.  

Oymapınar Reservoir and HEPP (Oymapınar HEPP) on the Manavgat River is the 

eighth largest HEPP in Turkey and is operated to supply electricity for industrial use 

at the Antalya Seydişehir Aluminum Production Facilities (TÜBİTAK MAM, 2013). 

HEPP is under operation since 1984 with an installed capacity of 540 MW and an 

annual hydropower generation of 1620 GWh (DSI, n.d.). According to the 30-year 

operation data of the Oymapınar reservoir for the duration between 1985-2014, there 

is no water supply from the reservoir for potable or irrigational purposes (Yolsu 

Mühendislik, 2018). The reservoir is used only for the purpose of hydropower 

generation. The water used in hydropower generation forms the main outflow from 

the reservoir. Other outflows are water loss due to evaporation from the reservoir 

lake surface and ecological water release which is the minimum outflow from the 

lake to sustain the downstream aquatic environment (Yolsu Mühendislik, 2018). 

Annual ecological water release is around 10% of the volume of water used for 

hydropower generation (Yolsu Mühendislik, 2018). Manavgat HEPP with 48 MW 

installed capacity is located downstream of the Oymapınar HEPP. Therefore, 

operational discharges from Oymapınar HEPP are significant concerning the 

operation and flood protection of the downstream Manavgat HEPP.  

The river network and drainage lines in the Oymapınar basin and the boundaries of 

the basin are determined by the use of WMS (Watershed Modelling System) 

software based on the digital elevation model (EUDEM v1.1. (EEA, 2016)) of the 

basin. After the delineation of the basin relevant morphologic parameters are also 

calculated by the use of WMS software Morphological parameters of the Oymapınar 

basin are given in Table 3.5. 
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Table 3.4 Oymapınar basin morphologic parameters 

Surface area 

(km2) 
Mean slope Shape factor 

Perimeter 

(km) 

Mean elevation 

(mASL) 

1886 0.31 1.51 374 1369 

 

3.2 Data 

3.2.1 Meteorological Observation Data  

For the climatologic analysis, monitoring data from MSs operated by TSMS are 

used. According to the communication with TSMS, there are 131 MSs across the 

CASA operated for the period between 1950 and 2005. After a three-staged quality 

check (QC) process, 59 of the MSs among a total of 131 stations (Table 3.6) are 

selected as reference stations to provide daily time series adequate for climatologic 

analysis. Among the selected stations 12 are located within Antalya Basin including 

the Oymapınar basin, the streamflow impact assessment study area.  

The meteorological data are processed with the assumption that the quality of the 

data is ensured by the QC processes of the TSMS. Hence, the QC of the 

meteorological data in this study is limited to the steps taken with the sole purpose 

of obtaining long-term time series with minor checks to eliminate potential minor 

errors. 

The QC process in this study is applied based on the following criteria: 

1. Data time series of all stations are examined so as to determine the monthly 

data gaps in precipitation records. The months with less than 20 days of data 

are eliminated. 

2. 2005 is the last year of historical simulations of climate models. Therefore, 

stations with at least 30 years of records in the 1966-2005 period are selected 
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as candidate stations, and stations with less than 30 years of data are 

eliminated from the list of selected stations.  

3. Candidate stations that have a data gap of more than 10 successive years are 

eliminated from the list and the remaining stations are selected for further 

analysis. 

 

The period between 1966 and 2005, for which the highest number of MSs with 

continuous time series is found and the maximum size of the reference data set could 

be obtained for a good representation of the CASA climatology, is identified as the 

reference period.  

Daily time series of observed temperature and precipitation are used for the 

climatologic and long-term historical analysis. After the determination of the final 

list of selected stations (hereinafter referred to as reference MSs) seasonal and annual 

climatologies for temperature and precipitation are calculated for each station. For 

the calculation of the climatology values, the entire time series available for the 

duration between 1966 and 2005 is used. The observed daily time series are also used 

as reference data for the analysis of simulation skills of climate models. The final 

time series of 59 MSs used for climatologic analysis will hereinafter be referred to 

as Reference Data (RD). 
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Table 3.5 The list and details of meteorological stations in the CASA 

Station 

ID 
Station Name Province District 

Lati-

tude 

(°) 

Longi-

tude 

(°) 

Eleva-

tion  

(m 

ASL) 

Length of 

time 

series 

(years)3 

4947 
Dumlupınar 

KK 
Kütahya  38.85 29.97 1250 <30 

4956 Bayat Afyon  38.98 30.93 1100 <30 

5477 Çay KK Afyon  38.70 31.03 1020 <30 

56434 Şuhut Afyon  38.53 30.55 1130 35 

5800 Eşme KK Uşak  38.40 28.97 810 <30 

5986 Çivril KK Denizli  38.30 29.73 840 <30 

6513 Şarkikaraağaç Isparta  38.08 31.37 1180 <30 

6679 Atabey KK Isparta  37.95 30.65 1000 38 

6840 Çardak  Denizli  37.83 29.67 920 <30 

6854 Aksu KK Isparta  37.80 31.07 1200 <30 

7367 Sütçüler Isparta  37.48 31.00 1000 <30 

7373 Üzümlü  Konya  37.55 31.60 1275 <30 

7538 Bucak Burdur  37.47 30.58 850 33 

7686 Turgut Muğla  37.38 28.03 500 <30 

7899 Cevizli Antalya  37.18 31.77 1150 <30 

7902 Ahırlı Konya  37.25 32.12 1150 <30 

8046 Gölhisar Burdur  37.15 29.50 990 <30 

8073 Bozkır Konya  37.20 32.25 1180 <30 

8229 Akseki Antalya  37.05 31.78 1150 32 

8327 Turgutreis Muğla  37.02 27.25 5 <30 

8355 Bük Forest Antalya  36.93 30.45 475 30 

8364 Serik Antalya  36.92 31.10 50 <30 

                                                 

 

3 Length of time series (years): Total number of years for continuous time series obtained for the 

period between 1966-2005 

4 Reference MSs selected for climatologic analysis (length of time series ≥ 30 years) are written in 

bold. 
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Table 3.5 (continued) 

Station 

ID 
Station Name Province District 

Lati-

tude 

(°) 

Longi-

tude 

(°) 

Eleva-

tion  

(m 

ASL) 

Length 

of time 

series 

(years)3 

8372 Güzelsu Antalya  36.90 31.85 1250 <30 

8402 Tarsus Mersin  36.92 34.90 33 <30 

8498 Gündoğmuş Antalya  36.82 32.00 930 <30 

8713 Kemer Antalya  36.60 30.57 10 <30 

8717 Güzelbağ Antalya  36.73 31.90 500 <30 

8880 Kumluca KK Antalya  36.38 30.28 60 <30 

9022 
Tausus Rural 

Aff. 
Mersin  36.92 34.90 11 34 

9023 Gözlü Düç Konya  38.45 32.37 930 <30 

9025 Atınova Düç Konya  38.72 32.22 1100 <30 

17185 Uşak Airport Uşak Center 38.68 29.47 874 <30 

17188 Uşak Uşak Center 38.67 29.40 919 40 

17189 Afyon Airport Afyon Center 38.73 30.60 1001 <30 

17190 Afyon  Afyon Center 38.74 30.56 1034 40 

17191 Cihanbeyli Konya Cihanbeyli 38.65 32.92 973 40 

17192 Aksaray Aksaray Center 38.37 34.00 970 40 

17237 Denizli Denizli 
Merkez- 

efendi 
37.76 29.09 425 40 

17238 Burdur Burdur Center 37.72 30.29 957 40 

17239 Akşehir Konya Akşehir 38.37 31.43 1002 40 

17240 Isparta Isparta Center 37.78 30.57 997 40 

17241 Isparta Airport Isparta Gönen 37.86 30.37 869 <30 

17242 Beyşehir Konya Beyşehir 37.68 31.75 1141 40 

17244 
Konya 

Airport 
Konya Selçuklu 37.98 32.57 1031 40 

17245 Konya  Konya Meram 37.87 32.47 1029 <30 

17246 Karaman Karaman Center 37.19 33.22 1018 40 

17248 Ereğli Konya Ereğli 37.53 34.05 1046 40 

17257 
Çardak 

Airport 
Denizli Çardak 37.79 29.70 848 <30 

17290 Bodrum Muğla Bodrum 37.03 27.44 26 40 

17291 
Milas-Bodrum 

Airport 
Muğla Milas 37.25 27.66 11 <30 

17292 Muğla Muğla Menteşe 37.21 28.37 646 40 
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Table 3.5 (continued) 

Station 

ID 
Station Name Province District 

Lati-

tude 

(°) 

Longi-

tude 

(°) 

Eleva-

tion  

(m 

ASL) 

Length 

of time 

series 

(years) 3 

17293 
İmsik-Bodrum 

Airport 
Muğla Bodrum 37.14 27.67 60 <30 

17294 Dalaman Muğla Dalaman 36.77 28.80 12 40 

17295 
Dalaman 

Airport 
Muğla Dalaman 36.72 28.79 5 <30 

17296 Fethiye Muğla Fethiye 36.63 29.12 3 40 

17297 Datça Muğla Datça 36.71 27.69 28 40 

17298 Marmaris Muğla Marmaris 36.84 28.25 16 40 

17300 
Antalya 

Airport 
Antalya Muratpaşa 36.91 30.80 64 40 

17302 Antalya Antalya Muratpaşa 36.89 30.68 47 <30 

17310 Alanya Antalya Alanya 36.55 31.98 6 40 

17320 Anamur Mersin Anamur 36.07 32.86 2 40 

17330 Silifke Mersin Silifke 36.38 33.94 10 40 

17340 Mersin Mersin Yenişehir 36.78 34.60 7 40 

17375 Finike Antalya Finike 36.30 30.15 2 40 

17380 Kaş Antalya Kaş 36.20 29.65 153 30 

17627 T.reis Marina Muğla Bodrum 37.00 27.26 6 <30 

17744 
Altınova 

Tigem 
Konya Kadınhanı 38.72 32.18 1002 <30 

17746 Demirci Manisa Demirci 39.03 28.65 855 <30 

17747 Dumlupınar Kütahya Dumlupınar 38.85 29.98 1250 <30 

17748 Simav Kütahya Simav 39.09 28.98 809 40 

17750 Gediz Kütahya Gediz 38.99 29.40 736 33 

17752 Emirdağ Afyon Emirdağ 39.01 31.15 983 40 

17753 Bayat Afyon Bayat 38.97 30.92 1100 <30 

17754 Kulu Konya Kulu 39.08 33.07 1005 40 

17793 Çay Afyon Çay 38.59 31.03 996 <30 

17796 Bolvadin Afyon Bolvadin 38.73 31.05 1018 38 

17798 Yunak Konya Yunak 38.82 31.73 1148 35 

17823 Yakasenek Afyon Sultandağı 38.55 31.17 1150 <30 

17824 Güney Denizli Güney 38.15 29.06 825 40 

17825 Çivril Denizli Çivril 38.26 29.71 824 <30 

17826 Senirkent Isparta Senirkent 38.10 30.56 959 38 
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Table 3.5 (continued) 

Station 

ID 

Station 

Name 
Province District 

Lati-

tude 

(°) 

Longi-

tude 

(°) 

Eleva-

tion  

(m 

ASL) 

Length 

of time 

series 

(years) 3 

17827 Eşme Uşak Eşme 38.40 28.99 809 <30 

17828 Yalvaç Isparta Yalvaç 38.28 31.18 1096 32 

17829 Şuhut Afyon Şuhut 38.53 30.57 1140 <30 

17832 Ilgın Konya Ilgın 38.28 31.89 1036 40 

17855 Çardak Denizli  37.82 29.67 864 <30 

17862 Dinar Afyon Dinar 38.06 30.15 864 40 

17863 Şarkikaraağaç Isparta Şarkikaraağaç 38.06 31.36 1158 <30 

17864 Uluborlu Isparta Uluborlu 38.09 30.46 1025 38 

17865 Anamas Isparta Aksu 37.80 31.07 1240 <30 

17867 Akköy Denizli Pamukkale 37.96 29.07 198 <30 

17882 Eğirdir Isparta Eğirdir 37.84 30.87 920 39 

17884 Milas Muğla Milas 37.30 27.78 57 40 

17885 Atabey Isparta Atabey 37.95 30.64 1000 <30 

17886 Yatağan Muğla Yatağan 37.34 28.14 365 38 

17887 Bucak Burdur  37.45 30.58 852 <30 

17890 Acıpayam Denizli Acıpayam 37.43 29.35 941 38 

17891 Gölhisar Burdur Gölhisar 37.14 29.53 990 <30 

17892 Tefenni Burdur Tefenni 37.32 29.78 1142 40 

17893 Sütçüler Isparta Sütçüler 37.49 30.97 985 <30 

17895 
Boztepe 

Tigem 
Antalya Aksu 36.94 30.90 10 <30 

17897 
Gözlü 

Tigem 
Konya Sarayönü 38.49 32.46 111 <30 

17898 Seydişehir Konya Seydişehir 37.43 31.85 1129 40 

17900 Çumra Konya Çumra 37.57 32.79 1014 35 

17902 Karapınar Konya Karapınar 37.71 33.53 996 40 

17915 Belek Antalya Serik 36.86 31.06 6 <30 

17924 Köyceğiz Muğla Köyceğiz 36.97 28.69 24 40 

17926 Korkuteli Antalya Korkuteli 37.06 30.19 1017 38 

17927 İbradi Antalya İbradi 37.10 31.60 1036 <30 

17928 Hadim Konya Hadim 36.99 32.46 1552 40 

17951 Kumluca Antalya Kumluca 36.36 30.30 60 <30 

17952 Elmalı Antalya Elmalı 36.74 29.91 1095 40 

  



 

 

40 

Table 3.5 (continued) 

Station 

ID 
Station Name Province District 

Lati-

tude 

(°) 

Longi-

tude 

(°) 

Eleva-

tion  

(m 

ASL) 

Length 

of time 

series 

(years) 3 

17953 Kemer Antalya Kemer 36.59 30.57 10 <30 

17954 Manavgat Antalya Manavgat 36.79 31.44 38 37 

17956 Mut Mersin Mut 36.65 33.43 340 34 

17958 Erdemli Mersin Erdemli 36.63 34.34 7 40 

17964 Islahiye Gaziantep  37.03 36.63 518 <30 

17970 Kale-Demre Antalya Demre 36.24 29.98 25 <30 

17974 Gazipaşa Antalya Gazipaşa 36.27 32.30 21 36 

17975 
Gazipaşa 

Airport 
Antalya Gazipaşa 36.30 32.30 32 <30 

17978 Tarsus Mersin Tarsus 36.89 34.96 12 <30 

18011 
Beşkonak 

Forest 
Antalya Manavgat 37.14 31.19 142 <30 

18012 
Gündoğmuş 

Forest Depot 
Antalya Gündoğmuş 36.80 32.00 898 <30 

18014 Gebiz Forest Antalya Serik 37.10 30.93 78 <30 

18015 Bük Forest Antalya Korkuteli 36.97 30.43 489 <30 

18047 Akseki Antalya Akseki 37.05 31.80 1063 <30 

18306 Serik Antalya Serik 36.95 31.12 94 <30 

18486 Ahırlı Konya Ahırlı 37.24 32.11 1185 <30 

18489 Bozkır Konya Bozkır 37.18 32.25 1170 <30 

18610 
Cevizli 

Tekebeli  
Antalya Akseki 37.25 31.77 1420 <30 

18611 Bedan Antalya Gündoğmuş 36.79 32.28 1672 <30 

 

Apart from the climatological analysis, the historical meteorological data are also 

used to calibrate the hydrologic model of the Oymapınar basin. For that purpose, 

daily time series of temperature, precipitation, sun duration, and long-term mean 

temperature and evaporation data available from the MSs that are closest and most 

representative of the Oymapınar basin are used (Figure 3.3). The details of the 

meteorological data used in the hydrological modeling and relevant MSs are 

provided in Section 4.2.3. 
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3.2.2 Data from Climate Models  

The second part of the Climate Analysis comprises the use of climate model 

simulation outputs. Daily precipitation and temperature data from the historical and 

future simulations of the climate models are used for this part of the study. The 

historical simulation outputs of the climate models are validated through a 

benchmark with the RD for the determination of the models with better simulation 

skills in the CASA. Then the future projections on temperature and precipitation are 

analyzed for the determination of potential impacts of climate change in the CASA. 

Finally, the future climate projections are used for the streamflow projections to 

identify the climate change impact on streamflow in the Manavgat River feeding the 

Oymapınar HEPP.   

For the assessment of climate change impacts, two RCPs are taken into 

consideration. Two RCPs represent different CO2 emissions and resulting 

atmospheric CO2 concentrations that are expected to create different final radiative 

forcings in the year 2100. Two emission scenarios used in the study are: 

 RCP4.5 scenario which is a medium mitigation scenario assuming an 

increase in radiative forcing stabilizing at approximately 4.5Wm-2 after 2100 

(atmospheric GHGs concentration approximately 650 ppm CO2-equivalent 

(CO2-eq.) in 2100 and stabilization after 2100), and 

 RCP8.5 scenario that represents the “business as usual” condition without 

mitigations for climate change. This scenario assumes high emissions 

causing the increase in the radiative forcing to reach approximately 8.5Wm-2 

near 2100 (in terms of atmospheric GHGs concentration: >1370 ppm CO2-eq. 

in 2100) (Taylor, 2009; Moss et al., 2010). 

The Climate Analysis includes simulation results of 14 high-resolution climate 

models. The 14-member ensemble includes 12 RCMs from the CORDEX database 

and two climate models from MRI. The list of the CORDEX climate models is given 

in Table 3.7. Climate projections from CORDEX RCMs are based on simulations 
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for the EURO domain with 11° grid resolution and use CMIP5 (the fifth phase of the 

Coupled Model Intercomparison Project) GCMs as driving models. As it is seen in 

Table 3.7, CORDEX RCMs in the ensemble include a combination of six different 

RCMs using four different CMIP5 GCMs. This is aimed to enable a comparison 

between different RCM/GCM combinations to identify potential 

advantages/disadvantages regarding climate projections with the focus on the 

CASA. 

Apart from the non-bias adjusted or raw outputs of the CORDEX RCMs, outputs 

post-processed for bias adjustment are also included in the study for a comparison of 

the simulation skills. Within that scope, RCM outputs bias-adjusted within the scope 

of the CORDEX-Adjust Project that is publicly available from the CORDEX 

database are used. The bias-adjusted simulation outputs are used to analyze 

uncertainties involved with climate projections and to identify any improvements on 

raw projections, if there are, provided by various bias-adjustment methods specific 

to the CASA. In total, nine bias-adjusted RCM outputs are used in the study. These 

include outputs processed by the use of Quantile Mapping (QMap), Distribution 

Based Scaling (DBS), and Cumulative Distribution Function Transform (CDF-t) 

methods. Among these outputs, bias-adjusted outputs using the QMap method 

(Gudmundsson et al., 2012) are generated by the Norwegian Meteorological Institute 

(METNO) based on MESAN (MESoscale ANalysis system) (Landelius et al., 2016) 

reference data. Outputs using the DBS45 method (Yang et al., 2010) are generated 

by Swedish Meteorological and Hydrological Institute (SMHI) based on MESAN 

data, and outputs using the CDFT method (Vrac et al., 2016) are generated by Pierre 

Simon Laplace Institute (IPSL) based on WFDEI (Watch Forcing Data - ERA-

Interim) (Weedon et al., 2014) reference data. The list of bias-adjusted outputs used 

in this study is given in Table 3.8. The daily outputs of raw RCMs from the EURO-

CORDEX Project and their bias-adjusted outputs are obtained from the web-based 

ESGF and climate4impact portals (ESGF, 2020; IS‐ENES, n.d.). 
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Table 3.6 List of CORDEX RCMs used in this study 

  GCM 

Institute RCM 

IC
H

E
C

-E
C

-E
A

R
T

H
 

C
N

R
M

-C
E

R
F

A
C

S
-C

N
R

M
-C

M
5

 

M
O

H
C

-H
ad

G
E

M
2

-E
S

 

IP
S

L
-I

P
S

L
-C

M
5

A
-M

R
 

Danish Meteorological Institute (DMI) HIRHAM5 X    

Climate Limited-area Modelling 

Community (CLMcom) 
CCLM4-8-17 X X X  

The Royal Netherlands Meteorological 

Institute (KNMI) 
RACMO22E X  X  

Swedish Meteorological and Hydrological 

Institute (SMHI) 
RCA4 X X X X 

National Centre for Meteorological 

Research in France (CNRM) 
ALADIN53  X   

National Center for Atmospheric Research 

(NCAR), National Centers for 

Environmental Prediction (NCEP) 

WRF331F    X 

 

  



 

 

44 

Table 3.7 List of bias-adjusted RCMs 

Driving Model RCM 
Bias Adjustment 

Method 

CNRM-CERFACS-CNRM-CM5 SMHI-RCA4 

CDFT21-WFDEI 

QMAP-MESAN 

DBS45-MESAN 

ICHEC-EC-EARTH SMHI-RCA4 

CDFT21-WFDEI 

QMAP-MESAN 

DBS45-MESAN 

ICHEC-EC-EARTH 
KNMI-

RACMO22E 

CDFT21-WFDEI 

QMAP-MESAN 

DBS45-MESAN 

ICHEC-EC-EARTH DMI-HIRHAM5 

CDFT21-WFDEI 

QMAP-MESAN 

DBS45-MESAN 

 

In addition to the CORDEX RCMs, simulation results of a high-resolution 

atmospheric climate model, MRI-AGCM, and MRI’s NHRCM nested in MRI-

AGCM are also used. The mesh sizes of MRI-AGCM and NHRCM used in this 

study are 20 km (0.1875°) and 5 km, respectively. The daily outputs of the MRI-

AGCM for the study area are provided by the Japan MRI for the study. Furthermore, 

climate simulations with NHRCM are undertaken within the scope of this study for 

the domain limited to the CASA in collaboration with MRI by dynamical 

downscaling of MRI-AGCM outputs generated by MRI. The dynamical 

downscaling works using NHRCM are undertaken in Japan MRI facilities in 

collaboration with the MRI experts within the scope of the bilateral research 

collaboration supported by TUBITAK and Japan Society for the Promotion of 

Science under the TUBITAK project with the title of “Assessment of Climate 

Change Impacts on Streamflow and Hydropower in Antalya, Turkey” [Grant 

Number 118Y365]. 
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3.2.3 Historical Streamflow Data  

The hydrological model of the Oymapınar basin is developed by the use of the daily 

observed flow rates of the Manavgat River and its tributaries. Based on the 

examination of the river network, and historical daily flow rates provided by DSI, 

Sinanhoca streamgage (Flowgage ID: E09A012) is selected to be used for the 

development of the rainfall-runoff model of the Oymapınar basin. The historical 

monitoring data for the streamgages within the basin and daily operation data (daily 

reservoir inflow data) are also analyzed for the development of the conceptual basin 

model. The location of the streamgages in the Oymapınar basin and its vicinities are 

shown in Figure 3.3. Details on the data processing for the observed daily 

streamflows, use of the relevant data in hydrological model development are detailed 

in Section 4.2.3.  
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CHAPTER 4  

4 METHODOLOGY 

Details on the analysis methodologies used for the assessment are described in detail 

with relevant reasons for selection. Figure 4.1 illustrates the flowchart of the study 

methodology indicating subtasks completed to attain the targeted outcomes from 

Climate Analysis, Hydrological Modeling, and Streamflow Impact Analysis 

components. 

 

Figure 4.1. Study flowsheet 
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The first component (See Figure 4.1, Component 1), Climate Analysis, includes the 

analysis of current temperature and precipitation climatology at the CASA. This is 

followed by the multi-model ensemble analysis of 14 climate models. Climate 

models are validated through a benchmark of their historical simulation outputs 

against the RD to identify the models with the potentially highest skill in future 

projections. After the validation, the 14-member ensemble is used to analyze 

potential changes in temperature and precipitation in the CASA. 

An additional step in the multi-model ensemble analysis is the comparison of 

commonly used ensembling methodologies to evaluate their efficiencies. For that 

purpose, the ensembled projections are also compared with individual models used 

in the ensemble and with their bias-adjusted versions in order to identify potential 

advantages and disadvantages.  

Hydrological Modeling component (See Figure 4.1, Component 2) comprises the 

development of mathematical rainfall-runoff models of the basin by the use of two 

parametric modeling software: HEC-HMS (U.S. Army Corps of Engineers 

Hydrologic Engineering Center- Hydrologic Modeling Software), and HBV-light 

(Swedish Meteorological and Hydrological Institute’s model Hydrologiska Byrns 

Vattenbalansavdelning). Two models developed with modeling softwares using 

different approaches in model setups are compared for their efficiency in simulating 

basin hydrology and also for their advantages and disadvantages in use. The 

hydrological model of the Oymapınar basin developed in this study component is 

used for the streamflow impact assessment in the third component of the study. 

Streamflow Impact Analysis (See Figure 4.1, Component 3) is done by the use of 12 

CORDEX RCMs that provide time series of projections for the period between 2020-

2100. Firstly, the hydrological model is run using the projections of individual 

models. The streamflow projections from individual climate model runs are used to 

generate ensemble projection for the streamflow by the use of Multi-model 

Ensemble development methodologies described in Section 4.3.2.  
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In addition, the hydrological model is run using the ensemble (i.e., MME) 

temperature and precipitation data series. For this purpose, MME data series of 

temperature and precipitation are firstly generated from individual RCM projections 

by using MME methodologies and then used as input in hydrological modeling.  

The results of the streamflow simulations are validated through a benchmark of 

historical results with observed flow rate at Sinahoca streamgage. Following that the 

future streamflow projections that have indicated satisfactory simulation efficiency 

are analyzed for the assessment of the potential future changes in streamflow 

discharging to Oymapınar Reservoir. 

4.1 Climate Analysis Methodology 

4.1.1 Analysis of Temperature and Precipitation Climatology 

Long-term annual and seasonal climatology of temperature and precipitation in the 

CASA are analyzed using the RD described in Section 3.2.1. Annual and seasonal 

(winter: December, January, February, spring: March, April, May, summer: June, 

July, August, and fall: September, October, November) climatologies are calculated 

based on at least 30 years of time series of daily mean temperature and daily total 

precipitation for the period of 1966-2005. Climatology data for 59 MSs across the 

CASA are converted to surface data with inverse distance weighted (IDW) 

interpolation method, and climatology maps are developed using the Spatial Analyst 

tool of ArcGIS 10.0. Climatology maps represent the observed present spatial 

variability of climatology in the CASA and highlight intraregional variability and 

the range of mean temperature and precipitation shaped by the current climate 

forcings.  
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4.1.2 Evaluation of Climate Simulations 

Temperature and precipitation data from the climate models (Section 3.2.2) are 

validated through a benchmark with the reference data. Within that scope, raw and 

bias-adjusted outputs of historical simulations are analyzed for their skills to 

replicate the spatial variability of mean temperature and precipitation. The 

simulation skills are evaluated based on the statistical performance indicator (SPI) 

parameters and Taylor diagram. The SPI parameters used for the Climate Analysis 

are Pearson correlation coefficient (𝐶𝑜𝑟𝑟), root mean square error (𝑅𝑀𝑆𝐸), percent 

bias (𝑃𝐵𝐼𝐴𝑆), and bias as suggested by Moriassi et al. (2015). In addition to the 

calculation of individual SPI parameters an aggregated indicator parameter is 

generated for the models based on these three SPIs. An aggregated performance 

index (API) is calculated based on the average of the rankings (ranking from the best 

to worst indicator value) of the models for each SPI separately. The final API value 

of each model represents the relative simulation skill of the models. The final API 

values are used for the ranking of the models with respect to their simulation skills 

in which the lower the API value means that higher simulation skill is achieved. 

Analysis by the use of SPIs is also applied to the ensemble outputs generated from 

climate models by the use of different ensembling methodologies in order to have a 

benchmark with the efficiency of individual model outputs.  

Another method used in this study for the evaluation of the simulation skills is the 

comparison of the modeled outputs with the RD through the Taylor diagram (Taylor, 

2001, 2005). Taylor diagram is among the most common means of depicting the 

relative performance skill of models respecting the convergence to the reference data 

in terms of correlation (𝐶𝑜𝑟𝑟), centered root-mean-square (CRMS), and variation 

(i.e., standard deviation, SD). However, the diagram does not include information on 

the scale of overall bias (Taylor, 2005). The analysis for overall bias is included in 

the evaluation through the use of SPIs and API as described above. 
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4.1.3 Analysis for Future Changes in Temperature and Precipitation 

Potential changes in mean temperature and precipitation in the CASA are assessed 

by the analysis of results from a 14-member ensemble. For the analysis, results from 

individual models as well as their ensembled outputs are used together. Potential 

future changes in temperature and precipitation are calculated based on the 

difference between the modeled results for historical (i.e., reference period) and 

future periods. In that context, potential changes are calculated for 59 MSs 

separately, and as the average of all MSs to represent the areal average of the entire 

CASA. The impact identified for all MSs is then used to develop potential impact 

maps by the use of the IDW method. The analysis aims to obtain interpretations of 

the spatial variability of impacts that might be influenced by different climate 

forcings under climate change impact. 

Due to the differences in model setups, intermodel variability is frequently observed 

in multi-model ensembles. This enables the assessment of uncertainties regarding 

climate projections. On the other hand, for further impact assessment and use of the 

projections in subsequent analysis and modeling (e.g., hydrological modeling), 

ensemble outputs are also generated to reduce uncertainty in projections. The use of 

ensemble outputs may have several advantages and drawbacks in impact assessment 

studies. The details regarding the ensemble approaches and potential restrictions and 

benefits relative to the individual model outputs are discussed in Sections 4.3.2, 

5.1.3.2, and the research papers presented in Appendices. 

One of the ensembling methodologies used to generate ensemble outputs for climate 

analysis in this study is a performance-based weighted average (PBWA). PBWA is 

calculated by using only the ensemble members that are identified with the highest 

skills to replicate temperature or precipitation climatology for CASA. PBWA is 

calculated for all MSs in the CASA as a weighted average of the projected impacts 

based on the normalized API values of each model. For the calculation of PBWA 

projections, the five best-performing climate models are used in this study. Details 

of the PBWA approach are given in Mesta et al. (2022) in Appendices B and C. In 
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addition to the PBWA, the mean value of the ensemble, the average value of the 

projections from 14 climate models at all MSs, is also used for the analysis. Other 

methodologies used in this study to generate ensemble outputs for streamflow impact 

assessment are detailed in Section 4.3.2.   

Within the scope of Climate Analysis, potential future changes in mean temperature 

and precipitation are analyzed for the short (2020-2030), medium (2031-2050), and 

long-term (2051-2100) future. For that purpose, the long-term means of simulation 

results of the climate models for the reference period are compared with the long-

term means of projections for the relevant future period. It should be noted that 

although the reference period in the study is determined to represent the period 

between 1966 and 2005, for certain CORDEX RCMs reference period is restricted 

to the period between 1970 and 2005 due to the length of the available simulation 

runs. Similarly, for the MRI models depending on the length of the historical and 

future simulation runs the period of the analysis is limited to 1980-2001 for the 

present and 2080-2100 for the future. The lengths of the modeled time series for 

present and future periods from 14 climate models are given in Table 4.1. 

 

  



 

 

53 

Table 4.1 Timeframes of the simulation outputs of climate models used in the study 

 Climate Model (RCM/GCM) Output Period 

Model 

ID5 
Driving GCM  RCM Historic Future (Scenarios) 

M1 MRI-AGCM  1979-2003 2075-2100 (RCP8.5) 

M2 MRI-AGCM  NHRCM 1980-2001 2080-2100 (RCP8.5) 

M36 CNRM-CM5  ALADIN53 1951-2005 2006-2100 (RCP4.5, RCP8.5) 

M46 CNRM-CM5  CCLM4-8-17 1950-2005 2006-2100 (RCP4.5, RCP8.5) 

M56 CNRM-CM5  RCA4 1970-2005 2006-2100 (RCP4.5, RCP8.5) 

M66 EC-EARTH  CCLM4-8-17 1949-2005 2006-2100 (RCP4.5, RCP8.5) 

M76 EC-EARTH  HIRHAM5 1951-2005 2006-2100 (RCP4.5, RCP8.5) 

M86 EC-EARTH  RACMO22E 1950-2005 2006-2100 (RCP4.5, RCP8.5) 

M96 EC-EARTH  RCA4 1970-2005 2006-2100 (RCP4.5, RCP8.5) 

M106 CM5A-MR  RCA4 1970-2005 2006-2100 (RCP4.5, RCP8.5) 

M116 CM5A-MR WRF331F 1951-2005 2006-2100 (RCP4.5, RCP8.5) 

M126 HadGEM2-ES  CCLM4-8-17 1949-2005 2006-2100 (RCP4.5, RCP8.5) 

M136 HadGEM2-ES  RACMO22E 1950-2005 2006-2100 (RCP4.5, RCP8.5) 

M146 HadGEM2-ES  RCA4 1970-2005 2006-2100 (RCP4.5, RCP8.5) 

 

An additional step in the analysis of the projections on climate change impact on 

temperature and precipitation is the statistical significance testing. The objective of 

the statistical significance testing is to differentiate between climate signals 

                                                 

 

5 Model ID’s used in the study 

6 Models from the CORDEX Database: ESGF, Earth System Grid Federation website, https://esgf-

node.llnl.gov/search/esgf-llnl/, (CoG version v4.0.0b2, ESGF P2P Version v4.0.4) 

 

https://esgf-node.llnl.gov/search/esgf-llnl/
https://esgf-node.llnl.gov/search/esgf-llnl/
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represented by the projections from the internal variability or noise generated by the 

model. For that purpose, the most common methodology is the use of the Student’s 

t-test (Decremer et al., 2014). In this study, the significance of the change in 

precipitation is tested by the use of a variation of Student’s t-test, Welch’s two-

sample t‑test (or unequal variances t-test). In order to identify the statistical 

significance of the projected temperature and precipitation change for each MS in 

CASA, the t-test is applied to the annual mean time series from the climate model 

projections for the reference versus future short-, medium- and long-term periods. 

The significance is tested by the use of a threshold value of 95% probability 

confidence level. Hence, for the probability (p) value less than or equal to 0.05 the 

change in the meteorologic parameter is classified as statistically significant (i.e., 

due to the climate signal). The statistical significance probability values for MSs 

across CASA are converted to surface data by the use of the IDW approach and the 

information of statistical significance (or non-significance) of the projected impacts 

is shown on the Climate Analysis maps for potential future change in temperature 

and precipitation for each of the 14 climate models. 

4.2 Hydrological Modeling Methodology 

The study methodology is based on the modeling of rainfall-runoff processes in the 

basin of concern by the use of two parametric modeling software in order to make a 

comparison of the modeling efficiencies. Two hydrological models, a complex and 

semi-distributed model developed in HEC-HMS and a simpler conceptual model 

developed in HBV-light, are obtained within the scope of the Hydrological 

Modelling component of the study. In line with the objectives and scope of this study 

continuous modeling approach is followed for hydrological modeling. The final 

calibrated model is used in subsequent assessment of climate change impact on 

streamflow into the Oymapınar reservoir. For the development of a conceptual model 

of the basin, initially, basin properties, hydrometeorology of the basin, and 

monitoring data available for the basin are analyzed. 
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4.2.1 Analysis of Oymapınar Streamflow Data 

In order to determine the morphology of the Oymapınar basin, the drainage lines and 

stream network in the Oymapınar basin are analyzed by the use of hydrologic 

modeling software WMS (Watershed Modelling System) based on EUDEM v1.1 

(EEA, 2016). Following the development of the streamflow network, the Oymapınar 

basin is delineated to define its subbasins and basin boundaries (Figure 4.2). The 

subbasins of the Oymapınar basin are formed based on the location of the 

streamgages in the basin that provides long-term historical streamflow data for 

hydrological modeling. 

Because there is no streamgage located at the inlet of the Oymapınar reservoir to 

monitor the reservoir inflow, the streamflow data from the nearest streamgage are 

used in hydrological modeling. Şahapköprü (streamgage ID: E09A020) and 

Sinanhoca (streamgage ID: E09A012) streamgages located on the Manavgat 

mainstream upstream of Oymapınar reservoir provide long-term continuous daily 

streamflow observation data. Although the Sinanhoca streamgage located 

approximately 10.5 km upstream of the Oymapınar reservoir is an indicator of the 

reservoir inflow, an additional 200 km2 drainage area and direct groundwater 

discharge (i.e., Dumanlı spring) into the reservoir create a difference in the volume 

of inflow from the flow rate at Sinanhoca streamgage.  

In order to generate time series for Oymapınar inflow, the streamflow monitoring 

data from the flow gages within the Oymapınar basin are analyzed to delineate 

surface flow relationships within the basin. 
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Figure 4.2. Oymapınar basin boundaries and its subbasins 

 

Streamflow observations from Şahapköprü and Sinanhoca streamgages for the 

period between 1992-2012 are analyzed to determine any relationship with the basin 

area ratio. Additionally, the adequacy of the drainage area ratio (DAR) method 

(Emerson et al., 2005; Asquith et al., 2006; Hortness, 2006; Archfield and Vogel, 

2010; Zelelew and Alfredsen, 2014; Ergen and Kentel, 2016) for the basin is 

evaluated for these streamgages. The correlation of observed streamflows and 

regression analysis between the relevant data series are assessed. 

The estimated inflow data for Oymapınar that is provided by DSI is also analyzed. 

The estimated reservoir inflow data obtained from DSI and used in the analysis are 

originally generated by DSI based on reservoir water balance and operational data.  

Hence, reservoir inflow is calculated using the reservoir outflow and potential 

evaporation from the reservoir surface. The time series for the estimated daily 
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reservoir inflow provided by DSI covers the period between 2007 and 2017. For the 

flow analysis, the estimated inflows are compared with the flow rates observed at the 

Sinanhoca streamgage for 11 years period. Observation of the relevant daily 

hydrographs reveals that the high and low flow periods in both hydrographs display 

a similar pattern. Nevertheless, the daily inflow hydrograph also displays spurious 

fluctuations that can be described as too frequent to be natural. Hence, for the 

analysis of the relationship of the flow rates, the time series of estimated inflow is 

required to be smoothed to remove the likely noise. Therefore, the flow rate analysis 

for Oymapınar inflow is conducted by the use of total monthly flows. Consequently, 

the regression analysis of flows is done using monthly total volumes. The 𝑅2 value 

and the regression function obtained from the analysis are found to be satisfactory to 

be used for the conversion of the Sinanhoca streamgage flow data to reservoir 

inflows. Hence, the obtained regression function is used for the calculation of the 

projections of Oymapınar reservoir inflow. 

4.2.2 Basin Properties and Development of Basin Model  

For the rainfall and runoff modeling in HBV-light and HEC-HMS, firstly a basin 

model is formed. The basin model includes the basin parameters and their basin-

specific values that govern the rainfall-runoff behavior of the basin. Hence, in the 

first stage of the hydrological modeling basin properties are assessed and data on 

related parameters are compiled to develop the conceptual basin model. Within that 

scope, the surface characteristics of the basin are mathematically defined by the use 

of a digital elevation model of the basin. For the mathematical expression of the basin 

topography EU-DEM v1.1 (EEA, 2016) (Spatial Resolution: 25 m, upgrade was 

coordinated by the European Environment Agency (EEA) in the frame of the EU 

Copernicus Programme) and SRTM DEM (Spatial Resolution: 90 m, produced by 

Shuttle Radar Topography Mission) are used. The EU-DEM is analyzed by the use 

of WMS modeling software developed by US Aquaveo. With the analysis drainage 

lines in the basin are determined, the boundaries of the model basin and its subbasins 
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are delineated and morphological parameters are calculated. Thereafter, the 

hypsometric curve of the basin is developed in ArcGIS 10.0 based on the DEM to 

analyze the elevation range of the basin. Furthermore, the slope map of the basin is 

generated to obtain information on the surface slopes that have significant control 

over the runoff – infiltration process in the basin. 

Concerning the basin surface properties, characteristics and distribution of soil types 

(i.e., texture and composition, permeability, drainage property of soil, hydrological 

properties of soil, etc.), vegetation and land use types (i.e., land cover types, the ratio 

of impermeable surfaces, etc.) are also studied by the use of international soil and 

land use databases and maps. Data on soil and drainage properties and the vegetation 

cover of the basin are gathered from soil maps (Ross et al., 2018) and the CORINE 

database (EEA, 2020), respectively. The CORINE Land Cover (CLC) (EEA, 2020) 

inventory was produced with a geometric accuracy of better than 100 m by The 

National Reference Centres Land Cover (NRC/LC) operating under Eionet 

(European Environment Information and Observation Network) that is integrated by 

EEA (European Environment Agency).  

The basin model in HBV-light includes a description of the elevation bands within 

the basin. Each elevation band is assumed to extend within a specified elevation 

range. Additionally, for each elevation band, relevant vegetation cover types are 

identified in the model. The maximum number of vegetation zones that can be 

defined in an elevation band in HBV-light is three. Therefore, according to the basin 

topography, seven elevation bands each including three vegetation zones are defined 

to form the basin model in HBV-light. Furthermore, unlike the HEC-HMS model, 

which simulates the hydrological elements for the entire subbasin or basin area, 

HBV-light executes the calculations of hydrological elements for a unit basin area. 

Therefore, parameter values for the physical properties of the basin (i.e., Confined 

Parameters) are calculated per unit basin area. The values of the Confined Parameters 

for the model basin calculated for the unit basin area are given in Table 4.2. 
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Table 4.2 Distribution of elevation bands and relevant vegetation zones in the unit 

basin area 

Elevation range 

(m ASL) 

  

2
0
0
-6

0
0
 

6
0
0
-1

0
0
0
 

1
0
0
0
-1

3
0
0
 

1
3
0
0
-1

7
0
0
 

1
7
0
0
-2

0
0
0
 

2
0
0
0
-2

4
0
0
 

2
4
0
0
-2

7
0
0
 

Total 

 

Approx. mean 

elevation (m ASL) 
 400 800 1150 1500.5 1850.5 2200 2550 

Elevation band  1 2 3 4 5 6 7 

Vegetation cover type  Vegetation zones  

Urban area or bare 

rock surfaces  
1  0 

5.10 

E-05 

1.68 

E-03 

9.70 

E-03 
0.0607 0.0845 0.0113 0.1680 

Soil surfaces with 

vegetation cover 

composed of grass 

or shrubs  

2  
5.85 

E-03 
0.0503 0.0813 0.0550 0.0457 

7.40 

E-03 
0 0.2460 

Forests 3  
7.10 

E-03 
0.0614 0.2183 0.2506 0.0484 

1.60 

E-04 
0 0.5860 

Total   0.0130 0.1120 0.3010 0.3150 0.1550 0.0920 0.0110 1 

 

In HBV-light the basin surface properties defined by the Confined Parameters are 

assumed to remain constant throughout the modeling period and form the basis of 

rainfall-runoff simulation. On the other hand, other parameters (i.e., Free Parameters 

in HBV-light) governing the dynamic hydrological processes in the basin are 

optimized during the calibration of the hydrological model in HBV-light. The 

optimization of parameters enables a better representation of the basin to simulate 

rainfall-runoff processes (Şorman 2005; Şorman et al., 2009, 2020). 

HBV-light uses free parameters for the simulation of the hydrological elements in 

the basin through its Snow, Soil Moisture, Response, and Routing routines. The 

Snow Routine defines rainfall/snow partition of precipitation, snowmelt runoff, and 

freezing conditions. The Soil Moisture Routine defines soil moisture storage and 

groundwater recharge processes. The Response Routine defines percolation, 

groundwater storage, and recession of discharge. Routing Routine simulates changes 
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in the surface runoff hydrograph on its flow path. Hence, the Free Parameters enable 

numerical definition of the hydrological processes in the basin. The estimated values 

for Free Parameters are initially defined by the modeler depending on the basin 

properties and further optimized during the calibration process to obtain a better fit 

of the simulated flow with the observed flow at the outlet of the basin.  

The basin model setup uses the aforementioned model routines that contribute to the 

flow simulation in HBV‑light based on the algorithm depicted in Figure 4.3 

(Normand et al., 2010). 

 

Figure 4.3. HBV-light simulation algorithm (Normand et al., 2010) 

Different from the HBV-light model setup, HEC-HMS enables the selection of 

different physical models to represent the hydrological elements in the basin. This 

facilitates simulation of the rainfall-runoff relationship in the basin by the use of 

different deterministic models that fit best to the basin and hydrometeorology 

properties as well as the hydrological modeling scope and data availability.  
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For the hydrological modeling of the Oymapınar basin in HEC-HMS the basin model 

is developed by selecting the physical modeling approaches and relevant parameters 

for the following components. 

1. Physical properties of the basin: Information on the surface area and location 

of the basin is defined in the basin model. Hydrological elements of the basin, 

coordinates of the basin outlet are entered in the conceptual model.  

2. Vegetation cover (canopy) in the basin: For the simulation of the attenuation 

and storage due to the canopy, parameters related to the vegetation cover are 

required to be identified. Based on the data availability and the ease-of-use 

simple canopy method is selected in the basin model.  

3. Surface depression storage features of the basin: The surface physical 

properties of the basin that affect the surface depression storage and create 

losses from excess rainfall volume before the formation of run-off are used 

by the surface method selected in the basin model. The mathematical 

expression of the surface depression storage in this method calculates the 

losses due to evaporation and infiltration from the surface depression storage. 

Based on the data availability and the ease-of-use simple surface method is 

selected in the basin model. 

4. Basin properties controlling loss from precipitation volume and the 

infiltration/runoff partition of the basin: Hydrological soil properties, 

geology, land cover, topography (slope), etc., are the basin features that 

influence the accumulation of the excess rainfall on the surface to form the 

surface runoff. Various approaches can be used in the HEC-HMS basin 

model for the simulation of losses from the surface runoff.  In addition to the 

evaporation from the surface, loss due to infiltration followed by interflow 

and percolation comprise the relevant losses. The remaining volume 

accumulates on the surface and forms the surface runoff that drains into the 

stream network in the basin. HEC-HMS enables the use of several different 

methodologies (i.e., SCS Curve Number method, Grid-based SCS Curve 
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Number method, Soil Moisture Accounting method, etc.). Several studies in 

the literature verify the use of the SCS Curve Number (CN) method for event-

based modeling, and Soil Moisture Accounting (SMA) and Deficit and 

Constant (DC) methods for continuous hydrological modeling successfully 

(Chu and Steinman, 2009; Halwatura and Najim, 2013; De Silva et al., 2014; 

Gebre, 2015; Azmat et al., 2016; Gumindoga et al., 2017; Erşahin, 2020). DC 

method uses four parameters that are initially defined for the model 

development. These are initial deficit, maximum deficit, constant rate (of 

infiltration), and the ratio of impermeable surfaces in the basin, which are 

used for the calculation of the infiltration from the surface based on topsoil 

and unsaturated zone properties. The DC method uses one soil layer 

assumption to simulate the control of soil moisture on the infiltration from 

the surface. The use of the DC method with the canopy method in the 

hydrological model enables volume loss due to evapotranspiration to be 

included in the simulation. Moreover, the DC approach enables the influence 

of fluctuations in the soil moisture between storm events and drying of the 

soil layer during dry periods to be included in hydrological modeling 

(Scharffenberg, 2015).  

On the other hand, the SMA method that can be used as an alternative to the 

DC method is based on a three-layer model to simulate loss due to infiltration 

and interflow in soil and unsaturated zone. The method calculates infiltration, 

storage, percolation, and interflow for Soil, Groundwater1, and 

Groundwater2 layers. For the simulation of loss with the SMA method 

numerical values of 14 parameters related to the hydrological properties of 

these layers, including thickness, permeability, storage capacity, and initial 

saturation ratio, are required to be defined.  

During the development and calibration of the hydrological model, both 

methods are tried and compared for their efficiency to simulate the study 

basin. For the model calibration, the DC method is found to produce higher 

simulation efficiency. Furthermore, the SMA method uses 14 parameters 
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governing the process, which is considered to increase uncertainty in the 

model due to parametrization. Hence due to ease-of-use and better simulation 

efficiency, the DC method is selected for the hydrological modeling of the 

Oymapınar basin.  

5. Basin properties controlling the transformation of excess rainfall to actual or 

direct runoff: HEC-HMS enables the use of various approaches (i.e., SCS 

Unit Hydrograph method, Kinematic Wave method, ModClark method, etc.) 

for the transformation of the surface runoff into the hydrograph of direct flow 

that joins into the flow in the stream network. SCS Unit Hydrograph method 

was successfully used in hydrological modeling studies in the literature both 

for the event and continuous modeling (Azmat et al., 2016, Bhuiyan et al., 

2017, Fang et al., 2018; Erşahin, 2020). Additionally, The only parameter 

required for the SCS Unit Hydrograph method is the lag time parameter, 

which makes the method to be easier to be used compared to other methods. 

Hence SCS Unit Hydrograph method is used for the hydrological modeling 

of the Oymapınar basin. 

6. Baseflow component that defines groundwater discharge and runoff 

recession: Among the baseflow methods that can be used in HEC-HMS 

modeling (i.e., Bounded Reservoir Baseflow method, Constant Monthly 

Baseflow method, Linear Reservoir Baseflow method, Nonlinear Boussinesq 

Baseflow method, and Recession Baseflow method), the Exponential 

Recession or Recession Baseflow (RB) method is selected for the 

hydrological modeling of the basin, because it is suitable to be used for the 

modeling of basins where exponential recession of discharge is seen after a 

rainfall event (Scharffenberg, 2015). RB method includes natural attenuation 

and storage of the basin in the simulation of groundwater discharge into the 

river network and can be successfully used for event and continuous 

modeling (Feldman, 2000). Furthermore, several studies on the hydrological 

modeling of karstic basins located in the greater Mediterranean basin 
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successfully used the RB method (Angelidis et al., 2010; 

Kotsifakis et al.,2015; Givati et al., 2016). 

4.2.3 Hydrometeorological Parameters  

Precipitation and temperature time series that control the surface flow formation in 

a basin are required for the simulation of the hydrological processes and streamflow. 

Additionally, observed streamflow time series are used for the model calibration. For 

the hydrological modeling, hydrometeorological monitoring data with daily 

timesteps are used in the study. These hydrometeorological time series are 

commonly used for rainfall-runoff modeling both in HEC-HMS and HBV-light. The 

same daily historical time series for temperature, precipitation, and flow rate are used 

for the model development both in HEC-HMS and HBV-light. 

Meteorologic Model in HEC-HMS 

Unlike the HBV-light model which basically relies on the time series of the 

aforementioned hydrometeorological parameters for rainfall-runoff simulation 

hydrological model development in HEC-HMS necessitates the development of a 

meteorological model along with the basin model as a main component of the 

hydrological model. The meteorological model defines the limits and significant 

parameters for the hydrometeorological conditions specific to the basin (or 

subbasins). The meteorological model in HEC-HMS comprises parameters on 

precipitation, temperature, sun duration, and evaporation (Yener et al., 2007; 

Mesta et al., 2021). Similar to the basin model, HEC-HMS enables the use of various 

approaches in the meteorological model for the calculation of precipitation, 

rainfall/snow partition, snow melting, evaporation, and solar irradiance or sun 

duration in hydrological simulation.  The values for the parameters regarding the 

components of the meteorological model depending on the selected simulation 

approaches are identified for the development of the meteorological model in HEC-



 

 

65 

HMS. The methods selected for the meteorological model in HEC-HMS and the 

hydrometeorological data used for the simulation of flow are described below. 

1. Historical flow data: After the quality check and analysis, the operational 

data of the Oymapınar reservoir and HEPP and the estimated daily reservoir 

inflow time series provided by DSI are found to be inadequate to be used for 

hydrological model development and calibration. The total drainage area of 

the Sinanhoca streamgage, which provides long-term historical streamflow 

time series for Manavgat River mainstream, composes a major portion (89%) 

of the Oymapınar basin. Furthermore, the analysis of the historical 

streamflow data verifies a linear relationship between the flow and area of 

the subbasins, particularly for upstream of the Manavgat River. Also, 

analysis of the monitoring data and the location of the streamgages in the 

basin indicates that the Sinanhoca streamgage operated by DSI is the most 

representative streamgage for the modeling of the Oymapınar basin. 

Therefore, the historical daily streamflow monitoring data from the 

Sinanhoca streamgage are used for hydrological model development, 

calibration, and validation. 

2. Historical precipitation data: Thiessen polygon method is used to obtain areal 

precipitation values from the meteorological stations located in and around 

the HMSA. Thiessen Polygon method indicates that among the three MSs 

(Manavgat MS: 17954, Akseki MS: 8229/18047, and Seydişehir MS: 17898) 

that provide meteorological time series of sufficient length Akseki represents 

86% of the hydrological model basin. The area ratios of the MSs calculated 

by the Thiessen Polygon method are shown in Table 4.3. Furthermore, 

evaluation of the duration of continuous time series provided by the MSs 

indicates Akseki MS provides the longest continuous time series of historical 

meteorology data overlapping the period of streamflow monitoring at 

Sinanhoca streamgage compared to other MSs in the region. Consequently, 

Akseki MS (MS ID: 8229/18047) operated by TSMS within the Oymapınar 

basin is found to be the most suitable and representative for hydrological 
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modeling. Hence, historical daily precipitation data observed at Akseki MS 

is used for hydrological model development. 

 

Table 4.3 Application of Thiessen Polygon method for the model basin in WMS 

software 

Thiesssen Polygon Map Area Ratios of Thiessen Polygons 

 

 

 km2 % Ratio 

Akseki MS 1440 86 

Manavgat MS 186 11 

Seydişehir MS 56 3 

Total basin 1682 100 
 

 

3. Historical temperature, evaporation, sun duration, and other meteorological 

data: Observed daily temperature data from Akseki MS are used in 

hydrological modeling. The Manavgat MS (MS ID: 17954) is identified to 

be the closest MS to the HMSA that has historical sun duration monitoring.  

However, historical daily sun duration records from Manavgat MS are 

limited to the period between September 1984 and January 2012. Therefore, 

daily sun duration hours for the simulation period are obtained from long-

term daily sun duration mean values calculated from 27 years of time series 

from Manavgat MS.  
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For evaporation rather than the observational data, evaporation calculated by 

HEC-HMS is used. The meteorological model in HEC-HMS enables the 

selection of the Priestley Taylor method for the calculation of evaporation. 

Priestley Taylor method uses sun duration data in the energy balance 

approach for the calculation of soil moisture and evapotranspiration. Hence, 

daily temperature time series from Akseki MS and sun duration time series 

from Manavgat MS are used in the model for the simulation of 

evapotranspiration based on the Priestley Taylor method. The use of the 

Priestley Taylor method for hydrological modeling of the study area is tested 

through a comparison with the use of the alternative Monthly Average 

method in HEC-HMS, in which the long-term monthly mean pan evaporation 

data is used. Similar simulation efficiencies are obtained from both 

evapotranspiration methods. Therefore, considering the objective of the 

study, to obtain projections on future streamflow, the Priestley Taylor 

method is selected for the meteorological model.  

4. Snow/rainfall partitioning and snowmelt processes are simulated by HEC-

HMS using the Temperature Index approach based on the properties of the 

elevation zones defined for the basin. The Temperature Index method is 

suitable to be used for modeling basins with coniferous forest vegetation 

cover (Melloh, 1999). The study basin also includes a similar type of 

vegetation cover as the dominant land cover. Temperature is found to be the 

most important control over the snowmelt that contributes to surface flow in 

a basin. Furthermore, the use of temperature, which is easily monitored and 

commonly available as long-term time series of historical data. Therefore, 

the Temperature Index method that relies on the temperature data as the main 

parameter in the calculation has the advantage over alternative methods that 

are based on parameters that are relatively difficult to monitor (Anderson, 

2006). Additionally, the variation of temperature with respect to the elevation 

(i.e., the use of lapse rate) is also easily applied and therefore, can be 

practically used in the simulation of snow using the Temperature Index 
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method (Anderson, 2006). Moreover, temperature parameter is known to be 

generally simulated with high efficiency by climate models which brings 

another advantage of the use of the Temperature Index method in 

hydrological modeling for future projections. The Temperature Index method 

uses elevation, temperature, and precipitation data to calculate rainfall/snow 

partitioning, rainfall excess/ snowmelt contribution to runoff to include the 

orographic influence on basin hydrology. The elevation zones in the HEC-

HMS model are defined in compliance with the elevation bands used in the 

HBV-light model (Table 4.4). 

 

Table 4.4 Elevation bands in model basin 

Elevation 

band 

Approximate mean 

elevation (mASL) 

Altitude range 

(mASL) 

Surface area ratio in 

the basin (%) 

1 400 200-600 1.29 

2 800 600-1000 11.21 

3 1150 1000-1300 30.07 

4 1500 1300-1700 31.52 

5 1850 1700-2000 15.50 

6 2200 2000-2400 9.26 

7 2550 2400-2741 1.16 

 

HEC-HMS uses the identified elevation zones in the basin to simulate the influence 

of elevation on temperature and precipitation (Scharffenberg, 2015). The elevation-

precipitation relationship specific to the Oymapınar basin used in the HEC-HMS 

model is obtained from the Hydrogeological Survey Report of Manavgat-İbradı-

Cevizli Aquifer (Koray Üstebay et al., 2018). The survey report provides an analysis 

of the elevation – precipitation relationship (Figure 4.4) based on the data from 13 

MSs located in the region (Koray Üstebay et al., 2018). A summary of the methods 

used in the HEC-HMS hydrological model in the study is given in Table 4.5. 
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Figure 4.4. Elevation- precipitation relationship in the basin (Koray Üstebay et al., 

2018) 

 

Table 4.5 Components of the basin and meteorological models in the HEC-HMS 

hydrological model 

Basin Model Meteorologic Model 

Model Component 
Selected 

Approach 
Model Component 

Selected 

Approach 

Canopy Method 

Simple 

canopy 

method 

Precipitation 

Specified 

Hyetograph 

method 

Surface Method 

(Surface depression 

storage) 

Simple 

surface 

method 

Evapotranspiration 
Priestley Taylor 

method 

Loss Method 

(Loss from precipitation 

and runoff volume) 

Deficit and 

Constant 

Loss method 

Snowmelt 
Temperature 

Index method 

Transform Method 

(Transformation of 

runoff to direct flow) 

SCS Unit 

Hydrograph 

method 

  

Baseflow Method 

(Groundwater discharge) 

Recession 

Method 
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Hydrometeorological Parameters in HBV-light 

As described above, hydrometeorological time series for temperature, precipitation, 

and flow rate are used for the model development in the HBV-light. HBV-light uses 

a PTQ-file (Precipitation-Temperature-Flow rate file) as the input of the rainfall-

runoff model (Seibert, 2005). The file includes precipitation, temperature, and 

discharge time series. For the HBV-light model, the same daily historical time series 

as the HEC-HMS model are used. These include historical daily flow rate data from 

Sinanhoca streamgage, precipitation, and temperature data from Akseki MS. 

Additionally, in the HBV-light model, evaporation data is optionally used for 

simulation in addition to the precipitation and temperature. HBV-light calculates 

daily evaporation values by the use of the long-term mean evaporation and long-term 

mean temperature data in combination with the daily temperature time series 

(Seibert, 2005). The long-term mean monthly evaporation and long-term mean 

monthly temperature from the historical data of Manavgat MS are used in the model 

for the adjustment of the daily evaporation in the basin. Manavgat MS data are 

selected to be used for long-term mean monthly evaporation and temperature time 

series due to the data availability. 

The simulation of the snow is governed by the snow routine in HBV-light by the use 

of precipitation and temperature time series in the PTQ file. HBV-light makes use of 

the degree-day method to calculate the snow-melt and snowpack, as well as to decide 

whether the precipitation falls as snow or rain (Seibert, 2005). Relevant calculations 

are executed for each elevation zone of the basin defined in HBV-light with a 

temperature correction factor for elevation assumed to be -0.6°C per 100 m (Seibert, 

2005). 
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4.2.4 Calibration  and Validation of Hydrologic Models  

Hydrological models developed in HBV-light and HEC-HMS are calibrated for the 

optimization of the parameter values to increase the simulation efficiency of the 

models. Following the calibration, hydrological models are validated to verify the 

simulation efficiencies. The calibration and validation periods in the hydrological 

model are identified according to the timeframes for which continuous 

hydrometeorological time series of monitoring data are available. As a result, the 

period between the 2013-2016 water years, and 2017 water year are selected for 

calibration and validation, respectively. HBV-light and HEC-HMS models are 

initially calibrated and then validated for the aforementioned periods by the use of 

relevant historical observation data. For both conditions, the hydrological simulation 

is run for daily time steps to generate the daily mean flow rate at Sinanhoca 

streamgage.  

One of the most explicit differences in hydrological modeling between HBV-light 

and HEC-HMS is the distinct optimization and calibration approaches used in the 

software. HBV-light uses a stochastic optimization tool based on the Genetic 

Algorithm (GA) approach, whereas the HEC-HMS calibration tool is based on a 

deterministic approach.   

HBV-light Genetic Algorithm and Powel (GAP) optimization tool works for the 

minimization of the difference between observed and modeled hydrographs by 

searching for the global optimum solution for the objective function defined through 

the model setup. GA approach, used in the GAP tool, mimics the natural genetic 

evolutionary process to achieve the optimum value of the potential solution 

represented with the objective function. The optimization process in GA evaluates 

the performance efficiency (calculated using statistical performance indicators) of 

the parameter sets (i.e., individuals or chromosomes in GA) with respect to their 

convergence with the observed and continuous iterative optimization process until 

the best fit is obtained or the pre-set iteration number is reached. Pairs from 

parameter sets that show higher performance with respect to the SPIs are randomly 
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selected for the formation of the next generation of parameter sets (i.e., individuals) 

through crossing-over. At each generation, individuals are evaluated for their fitness 

(i.e., convergence to the observed solution). In an iterative process that moves 

towards the determination of an optimum parameter set the best possible solution for 

objective function is achieved (Whitley, 1994; Seibert, 2000).  

In the study, for optimization in the GAP tool of HBV-light, the GA parameters are 

initially optimized through a trial-error process in order to avoid overfitting that 

diminishes the simulation efficiency but to allow sufficient iterations for the 

optimization of the parameters. After identifying the GA parameters in the HBV-

light model, GAP optimization is used for the calibration of the hydrologic model. 

Due to the stochastic nature of GAP optimization to manage the uncertainties 

combined with the solution, calibration is recommended to be executed multiple 

times (Vis et al., 2015). Therefore, hydrological model calibration in the GAP 

optimization tool is repeated 100 times to include the uncertainties in the analysis.  

Hydrological model calibration in HEC-HMS is conducted by the use of the 

automated calibration tool of HEC-HMS in combination with manual calibration. 

The automated calibration tool in HEC‑HMS (ver.4.1) enables the use of two 

deterministic optimization approaches, Nelder Mead and Univariate Gradient 

methods. Nelder Mead method is generally used for the solution of linear 

optimization problems, whereas Univariate Gradient optimization works on the 

solution with one parameter/variant optimized at once, and the optimum value of 

each parameter is determined separately for the local optimum solution. Due to the 

different advantages and disadvantages of these methods both are used in the 

calibration in an alternating way to obtain the best fit for the flow simulation. The 

automated calibration tool in HEC-HMS is run to achieve the best fit of hydrographs 

in terms of statistical performance indicator parameters detailed in the following 

subsection. Manual calibration is done in addition to the automated calibration to 

obtain the most representative model hydrograph for the basin concerning the 

hydrological components of the hydrograph (i.e., the volume of runoff, loss, or 

attenuation due to canopy, base flow, etc.) and basin drainage characteristics. 
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4.2.5 Statistical Performance Indicators (SPIs) Used in Hydrological 

Modeling Performance Evaluation 

The parameter optimization during calibration of the model and verification of the 

model efficiency during the validation is done based on the comparison of the 

modeled streamflow (𝑄𝑡
model) with the observed streamflow (𝑄𝑡

observed) by the use 

of statistical performance indicator parameters. SPIs used in calibration and 

validation in this study are Nash–Sutcliffe efficiency coefficient (𝑁𝑆𝐸) (Equation 1), 

Coefficient of determination (𝑅2) (Equation 3), Root Mean Square Error (𝑅𝑀𝑆𝐸) 

(Equation 4), Volume Error (𝑉𝐸) (Equation 5) and Klingt-Gupta efficiency 

coefficient (𝐾𝐺𝐸) (Equation 6). 

 

 
𝑁𝑆𝐸 = 1 −

∑ (𝑄𝑡
model − 𝑄𝑡

observed)
2𝑛𝑡

𝑡=1

∑ (𝑄𝑡
observed − �̅�observed)

2𝑛𝑡
𝑡=1

 (1) 

 

𝑟 =
∑ [(𝑄𝑡

observed − �̅�observed) × (𝑄𝑡
model − �̅�model)]

𝑛𝑡
𝑡=1

√∑ (𝑄𝑡
observed − �̅�observed)

2𝑛𝑡
𝑡=1 × ∑ (𝑄𝑡

model − �̅�model)
2𝑛𝑡

𝑡=1

 (2) 

 𝑅2 = 𝑟2 (3) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛𝑡
∑(𝑄𝑡

observed − 𝑄𝑡
model)

2

𝑛𝑡

𝑡=1

 (4) 

 
𝑉𝐸 = 1 −

|∑ (𝑄𝑡
observed − 𝑄𝑡

model)
𝑛𝑡
𝑡=1 |

∑ (𝑄𝑡
observed)

𝑛𝑡
𝑡=1

 (5) 

 𝐾𝐺𝐸 = 1− √(𝑟 − 1) 2 +(𝛼 − 1) 2 + (𝛽 − 1)2 (6) 

 𝛼 =
𝜎𝑚𝑜𝑑𝑒𝑙

𝜎𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑
      or     𝛼 =

𝑣𝑎𝑟𝑚𝑜𝑑𝑒𝑙

𝑣𝑎𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑
    (7) 
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 𝛽 =
�̅�𝑚𝑜𝑑𝑒𝑙

�̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑       (8) 

 

where, 𝑛𝑡  is the total number of observations, 𝑄𝑡
model and 𝑄𝑡

observed are the modeled 

and observed flow rates, respectively, at the time of 𝑡, and �̅�𝑚𝑜𝑑𝑒𝑙 and �̅�observed , 

are the mean of modeled and observed flow rates, respectively. Additionally, 

𝜎𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑, 𝜎𝑚𝑜𝑑𝑒𝑙, and 𝑣𝑎𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑, 𝑣𝑎𝑟𝑚𝑜𝑑𝑒𝑙 are standard deviation and variance 

of observed and modeled data sets, respectively.  

𝑁𝑆𝐸 (Equation 1) ranges between [-∞, 1] with 𝑁𝑆𝐸=1 indicating perfect fit of the 

model with the observed and 𝑁𝑆𝐸=0 indicating the model performance equal to the 

performance of the use of the mean of observed data (Moriasi et al., 2007). 

Pearson’s correlation coefficient, 𝑟 (𝑜𝑟 𝐶𝑜𝑟𝑟) (Equation 2) and Coefficient of 

determination, 𝑅2 (Equation 3), are indicators of the linear relationship between 

model and observed data series. The 𝑟 value ranges between [-1, 1] and 𝑅2 ranges 

between [0, 1]. An 𝑟 value of zero means that there is no linear relationship, whereas 

𝑟 = ± 1 means perfect positive or negative linear relationship (Gupta et al., 1999; 

Moriasi et al., 2007).  

𝑅𝑀𝑆𝐸 (Equation 4) is an error-based indicator, the unit, and value of which changes 

depending on the type of data that is being evaluated. The lower value of 𝑅𝑀𝑆𝐸 

indicates the better model performance showing better convergence of the modeled 

to the observed. Hence, the optimal value is 0 indicating no residual error or 

difference between observed and modeled data. Therefore, 𝑅𝑀𝑆𝐸 ranges between 

[0, ∞] (Moriasi et al., 2007). Because the unit and the size of 𝑅𝑀𝑆𝐸 depends on the 

analyzed data there are no threshold values identified for 𝑅𝑀𝑆𝐸 to indicate model 

performance. Nevertheless, Singh et al. (2005) classifies 𝑅𝑀𝑆𝐸 less than the 

standard deviation of the data set as an indication of low model error. According to 

Moriasi et al. (2007), RMSE less than 70% of the standard deviation indicates that 

the model has satisfactory efficiency.  
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𝑉𝐸 (Equation 5) is a bias-based indicator similar to Percent Bias (𝑃𝐵𝐼𝐴𝑆) and 

Relative Volume Error (𝑅𝑉𝐸) and indicates the ratio of the cumulative error to the 

total observed volume. 𝑉𝐸=1 is the optimal value indicating that the value of 

cumulative error is 0. HBV-light enables the selection of 𝑉𝐸 as the SPI to be used in 

the optimization tool. In this study, 𝑉𝐸 is preferred over 𝑃𝐵𝐼𝐴𝑆 and 𝑅𝑉𝐸 because, 

similar to other SPIs used in this study, 𝑉𝐸 convergence to 1 means improvement in 

the modeling efficiency. There are no threshold values for 𝑉𝐸 identified in the 

literature for the classification of modeling performance. Therefore, threshold values 

for classification based on 𝑉𝐸 are calculated using the threshold values defined for 

𝑃𝐵𝐼𝐴𝑆 by Moriasi et al. (2015). 

𝐾𝐺𝐸 (Equation 6) combines different efficiency indicators. These are Pearson’s 

correlation coefficient 𝑟 (Equation 2), the ratio of the variability 𝛼 (Equation 7) 

calculated by the use of standard deviation or variance of modeled and observed data 

sets, and bias indicator 𝛽 (Equation 8) calculated as the ratio of the means of 

observed and modeled data sets. The optimal value of three components at the perfect 

fit of modeled and observed data is 1. Hence, the optimal value for 𝐾𝐺𝐸 is also 1 

and similar to 𝑁𝑆𝐸 it ranges between [-∞, 1] (Gupta et al., 2009). 𝐾𝐺𝐸 is preferred 

in some studies in order to overcome some limitations of 𝑁𝑆𝐸 (Knoben et al., 2019). 

In the evaluation of model performance, convergence of 𝐾𝐺𝐸 and its 𝑟, 𝛼, 𝛽 to 1 is 

used as the indicator of improved model efficiency. There are still no standard 

threshold values identified in the literature for the classification of efficiency based 

on 𝐾𝐺𝐸, and various threshold values are used for the evaluation of model 

performance. Nevertheless, as a general practice, negative values of 𝐾𝐺𝐸 indicate 

unsatisfactory model performance (Knoben et al., 2019). Additionally, in their 

studies, Rogelis et al. (2016) and Thiemig et al. (2015) used 0.5 as the threshold 

value for modified 𝐾𝐺𝐸 (Gupta, 2009) and accepted model efficiency as 

unsatisfactory for 𝐾𝐺𝐸 value less than 0.5.  

The threshold values for the SPIs used in this study for the classification of 

simulation efficiency of the hydrological model are given in Table 4.6.  
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Table 4.6 Threshold values for SPIs used in this study 

SPI7 
Performance class 

Very good Good Satisfactory Not satisfactory 

𝑹𝟐 R2 > 0.85 0.75 < R2 ≤ 0.85 0.60 < R2 ≤ 0.75 R2 ≤ 0.60 

𝑵𝑺𝑬 NSE > 0.8 0.7 < NSE ≤ 0.8 0.5 < NSE ≤ 0.7 NSE ≤ 0.5 

𝑽𝑬 VE > 0.95 0.9 < VE ≤ 0.95 0.85 < VE ≤ 0.9 VE ≤ 0.85 

𝑹𝑴𝑺𝑬

𝝈𝒐𝒃𝒔𝒆𝒓𝒗𝒆𝒅
  0.00 ≤ RMSE/σ ≤0.50 0.50 < RMSE/σ ≤ 0.60 0.60 < RMSE/σ ≤ 0.70 RMSE/σ > 0.70 

 Good Intermediate Poor Very poor 

𝑲𝑮𝑬 KGE ≥ 0.75 0.75 > KGE ≥ 0.5 0.5 > KGE > 0.0 KGE ≤ 0.0 

 

4.3 Streamflow Impact Assessment Methodology 

Comparison of hydrological models calibrated in HEC-HMS and HBV-light to 

simulate the model basin in this study (See Section 5.2.4 for details) shows slightly 

better simulation efficiency for the HEC-HMS model of the basin. Additionally, 

HEC-HMS is evaluated to produce a better physical and hydrometeorological 

description of the basin hydrology. As a result, the hydrological HEC-HMS model 

of the study basin that is verified to have good simulation skills is selected to be used 

for streamflow impact assessment in the Oymapınar basin. For the assessment of the 

climate change impact on Manavgat River streamflow and Oymapınar reservoir 

inflow, precipitation, and temperature projections of climate models are used. In that 

context, the potential future changes in streamflow and Oymapınar reservoir inflow 

                                                 

 

7 𝑅2, 𝑁𝑆𝐸 threshold values are based on Moriasi et al. (2015), 𝐾𝐺𝐸 threshold values are based on 

(Thiemig et al. (2014) and Rogelis (2016), threshold values for  𝑅𝑀𝑆𝐸/standard deviation of observed 

data set ratio (i.e., RSR) are based on Moriasi et al. (2007), 𝑉𝐸 threshold values are adapted from the 

threshold values defined for 𝑃𝐵𝐼𝐴𝑆 by Moriasi et al. (2015) (Very good: 𝑃𝐵𝐼𝐴𝑆 < ±5%, Good: 5%≤ 

𝑃𝐵𝐼𝐴𝑆 <±10%, Satisfactory: ±10% ≤ 𝑃𝐵𝐼𝐴𝑆 < ±15%). 
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compared to the present condition (1971-2005) are assessed for the short- (2020-

2030), medium- (2031-2050), and long-term (2051-2099) future. For the assessment 

of the impact on streamflow, three approaches are used in the analysis: 

 The hydrological model is run by the use of simulation outputs of 12 

CORDEX RCMs for the historical period between 1971-2005 and the future 

period until 2099 to generate 12 streamflow simulations. From hereafter, 

these are referred to as streamflow simulations from individual climate model 

runs or daily streamflow series Q1 to Q12.  

 The hydrological model is run with two ensemble precipitation and 

temperature projection series obtained using ensembling methods 

(Superensemble and Simple Mean Ensemble) to generate two streamflow 

time series for the historical period between 1971-2005 and the future period 

until 2099 each. From hereafter, these are referred to as streamflow 

simulations from ensemble model runs or daily streamflow series Q13 and 

Q14. 

 Ensembled streamflow time series are generated using 12 streamflow 

simulations from individual climate model runs in the hydrological model. 

Ensembling methods are applied to streamflow series Q1 to Q12 to generate 

ensembled streamflow simulations. In this approach, two ensembled 

streamflow time series are formed by the use of Superensemble and Simple 

Mean Ensemble methods. For that purpose, ensembling is applied to 12 

monthly streamflow time series and monthly ensembled streamflow time 

series are obtained. From hereafter, these are referred to as monthly 

ensembled streamflow projection series Q15 and Q16. 

The analysis methodologies followed for the assessment are described in the below 

subsections.  
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4.3.1 Use of Individual RCM Outputs for Streamflow Simulations (Q1-

Q12) 

Historical and future simulation outputs for daily temperature and precipitation time 

series obtained from 12 CORDEX RCMs for the modeling grid closest to the Akseki 

MS are used to run the calibrated hydrological model of the basin. Model runs with 

daily time-steps for durations from 1971 to 2005 to represent the historic streamflow 

conditions and from 2006 to 2099 to represent future streamflow projections based 

on RCP4.5 and RCP8.5 climate change scenario conditions are used to obtain daily 

streamflow time series at the Sinanhoca streamgage (i.e., streamflow projections 

from individual climate model runs Q1 to Q12), at the outlet of the modeling basin. 

The streamflow simulation outputs from individual climate model use are initially 

validated through a comparison with observed streamflow at the Sinanhoca 

streamgage. Thereafter, similar to the Climate Analysis for the CASA, the potential 

impact is assessed through the analysis of percent change in the streamflow for:  

1. Short-term future between 2020-2030 for RCP4.5 and RCP8.5 scenarios,  

2. Medium-term future between 2031-2050 for RCP4.5 and RCP8.5 scenarios, 

and   

3. Long-term future between 2051-2100 for RCP4.5 and RCP8.5 scenarios.  

Furthermore, using the regression model of Sinahoca streamgage and Oymapınar 

inflow, the monthly inflow time series for the Oymapınar reservoir is calculated. The 

calculated inflows are used for the impact assessment as potential percent change 

projected for the future periods described above. Finally, the annual total flow series 

for historic and future terms are analyzed through the unequal variances t-test (or 

Welch’s two-sample t‑test) with the threshold of the confidence level of 95% to 

identify the significance of the change in streamflow in the future. 
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4.3.2 Use of Ensembled Temperature and Precipitation for Streamflow 

Simulations (Q13, Q14) 

For this approach, historical and future simulation outputs for daily temperature and 

precipitation time series obtained from 12 CORDEX RCMs for the modeling grid 

closest to the Akseki MS are used to produce ensemble outputs for temperature and 

precipitation. The ensembling approaches for MME aim to reduce the uncertainty 

and bias in projections by forming a composition of the outputs of climate models in 

the ensemble using various methodologies (e.g., simple averaging, weighted 

averaging, regression, ANN, etc.). In this study, two ensembling methodologies are 

applied to obtain ensemble outputs. These are Superensemble (SE) and Simple Mean 

Ensemble (SME). The methodologies used in these approaches are described below.  

Ensemble outputs from the SME method are calculated using Equation (9) (Cane 

and Milelli, 2010). SME approach gives equal weights to all ensemble member 

climate models and uses the anomalies simulated by the models to calculate 

ensemble output as the average of models. 

 

 

𝑆𝑀𝐸𝑖,𝑡
𝑀 = 𝑂𝑖 +

1

𝑀
∑(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  ) 

𝑀

𝑗=1

, ∀𝑖, ∀𝑡 (9) 

 

where,  𝑆𝑀𝐸𝑖,𝑡
𝑀  is the SME ensemble generated using all RCMs (i.e., 12 RCM outputs 

are used in this study, see Table 4.7) at grid 𝑖 for day 𝑡, 𝑗 = 1,2, … , 𝑀, is the number 

of ensemble member climate models; thus 𝑀 = 12 in this study, 𝑖 = 1,2, … , 𝑁, is 

the number of model grids used in the analysis. Here, only the modeling grid closest 

to the Akseki MS is used for hydrological model input generation, therefore 𝑖 = 1.  

𝑡 = 1,2, … , 𝑇, is the number of data points (i.e., specific day of the projection) in the 

data series in ensemble calculation. 𝑅𝐶𝑀𝑖,𝑡
𝑗

 is the 𝑗𝑡ℎ RCM prediction at grid 𝑖 for 
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day 𝑡. 𝑂𝑖 is the mean observation or observed climatology value at grid 𝑖 (Equation 

10), and 𝑅𝐶𝑀𝑖
𝑗̅̅ ̅̅ ̅̅ ̅̅   is the climatology determined by 𝑅𝐶𝑀 𝑗  (Equation 11). 

 

 

𝑂𝑖 =
1

𝑇
∑ 𝑂𝑖,𝑡

𝑇

𝑡=1

, ∀𝑖 (10) 

 

where,  𝑂𝑖,𝑡 is the observed precipitation at grid 𝑖 at day 𝑡. 

 

 

𝑅𝐶𝑀𝑖
𝑗̅̅ ̅̅ ̅̅ ̅̅ =

1

𝑇
∑ 𝑅𝐶𝑀𝑖,𝑡

𝑗

𝑇

𝑡=1

, ∀𝑖, ∀𝑗 (11) 

 

SE approach is based on the Multiple Linear Regression (MLR) method. In this 

approach that is suggested by Krishnamurti et al. (1999, 2000) Equation 12 is used 

to calculate ensemble outputs: 

 

𝑆𝐸𝑖,𝑡
𝑀 = 𝑂𝑖 + ∑ 𝑎𝑗(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  ) 

𝑀

𝑗=1

, ∀𝑖, ∀𝑡 (12) 

 

where,  𝑆𝐸𝑖,𝑡
𝑀  is the SE generated using RCMs in the ensemble set at grid 𝑖 for day 𝑡, 

𝑎𝑗 is the weight of 𝑅𝐶𝑀 𝑗 optimized for the training period to minimize the difference 

between observed and modeled precipitation at grid 𝑖 based on the conventional 

multiple linear regression.  

The weights assigned to the ensemble member climate models are determined by the 

use of the Least Square Method (LSM). The optimum for the objective fuction is the 

possible minimal solution of 𝐺𝑖 (Equation 13) that means the highest convergence of 
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SE (𝑆𝐸𝑖,𝑡
𝑀) with observed value (𝑂𝑖,𝑡). The optimum 𝑎𝑗 values that minimize 𝐺𝑖 (i.e., 

total error) are identified for a training period or data set.   

 

𝐺𝑖 = ∑(𝑆𝐸𝑖,𝑡
𝑀 − 𝑂𝑖,𝑡)2 

𝑇

𝑡=1

, ∀𝑖 (13) 

 

As described above, the SME approach uses equal weights for all 12 ensemble 

members (See Table 4.7) and does not require any training data set, whereas the 

weights in the SE approach are identified by calibration (or training) based on the 

training period or (data set). After the calibration, the efficiency of the SE is verified 

by benchmarking with the observed data based on SPIs (𝐶𝑜𝑟𝑟, 𝑅𝑀𝑆𝐸, 𝑃𝐵𝐼𝐴𝑆). For 

the training of SE historical simulation outputs of climate models (1971-2005) are 

used. The calculated weights determined during training are used to generate time 

series of future periods. 

Table 4.7 The list of CORDEX RCMs used for the generation of ensembled time 

series 

GCM RCM Model No 

CNRM-CM5  CCLM4-8-17 M1 

CNRM-CM5  ALADIN53 M2 

CNRM-CM5  RCA4 M3 

EC-EARTH  CCLM4-8-17 M4 

EC-EARTH  RACMO22E M5 

EC-EARTH  HIRHAM5 M6 

EC-EARTH  RCA4 M7 

CM5A-MR  WRF331F M8 

CM5A-MR  RCA4 M9 

HadGEM2-ES  CCLM4-8-17 M10 

HadGEM2-ES  RACMO22E M11 

HadGEM2-ES  RCA4 M12 
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In the study, simulated temperature and precipitation time series for the Akseki MS 

are used to obtain SME and SE outputs. The efficiencies of SME and SE outputs are 

compared with that of the individual ensemble members. After testing the efficiency 

of ensemble outputs, the daily time series for future periods under RCP4.5 and 

RCP8.5 scenarios are generated by the use of weights determined. Finally, the 

ensembled temperature and precipitation time series are used as the input of the 

calibrated hydrological model in HEC-HMS to generate streamflow simulations for 

historical and future periods. The result (streamflow simulations from ensemble 

model runs Q13 and Q14) is evaluated through a benchmark with historical 

streamflow observations together with the streamflow simulations from individual 

model runs (Q1 to Q12). The analysis results indicated that although for climate 

parameters (temperature, and precipitation) ensemble outputs provide advantages in 

simulation skills, the use of the daily ensembled data in streamflow simulations 

displayed unsatisfactory performance (See Section 5.3.2 for details). Hence, the 

outputs from this approach are eliminated from the streamflow projections used in 

impact assessment.  

4.3.3 Use of Streamflow Simulations of Individual RCMs in Ensemble 

Streamflow Generation (Q15, Q16) 

For this approach, the streamflow series (Q1-Q12) of the individual climate model 

runs in the hydrological model for the period 1971 - 2005 are used. Twelve daily 

time series for simulated streamflow for the historical period are initially converted 

to monthly time series and then used to generate monthly ensemble streamflow at 

Sinanhoca streamgage. For the ensembling of streamflow simulations, SE and SME 

methods described in the preceding subsection are used. The efficiencies of monthly 

ensemble streamflows (Q15 and Q16) are compared with the efficiencies of 

streamflow simulations with individual climate model runs (Q1-Q12). After testing 

the efficiency of ensemble outputs, the monthly streamflow projections are generated 

for future periods under RCP4.5 and RCP8.5 scenarios. The analysis results 
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demonstrated that both SE and SME methods produce satisfactory results and even 

certain advantages over the results from individual climate model runs in the 

hydrological model (See Section 5.3.3 for details). Therefore, monthly ensemble 

streamflow projections for Sinanhoca streamgage (Q15, Q16) are used in the impact 

assessment study together with the streamflow projections from individual climate 

model runs (Q1 to Q12).   
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CHAPTER 5  

5 RESULTS AND DISCUSSION 

This chapter presents the results of the study. As detailed in Chapter 4, the study 

comprises three main components, Climate Analysis, Hydrological Modeling, and 

Streamflow Impact Assessment. This chapter elaborates on the results of each 

component in different sections. Section 5.1 covers the results of the Climate 

Analysis which includes the subsections on the analysis of observed climatology in 

the CASA (Section 5.1.1), analysis of the simulation performances of climate models 

(Section 5.1.2), and assessment of potential impacts of climate change on 

temperature and precipitation in the CASA and at Akseki MS (Section 5.1.3). In 

Section 5.2, the hydrological model development processes in HEC-HMS and HBV-

light, and the simulation efficiency of the models are discussed in detail in relevant 

subsections. Finally, Section 5.3 presents the details of the Streamflow Impact 

Assessment component of the study for Manavgat River and Oymapınar reservoir 

inflow. The subsections of Section 5.3 discuss the results from different approaches 

used in this study for future streamflow projections for the Oymapınar basin (Section 

5.3.1 to 5.3.3) and conclude with potential ranges of change in the streamflow and 

reservoir inflow considering future RCP4.5 and 8.5 radiative forcing scenarios for 

short-, medium- and long-term future (Section 5.3.4).  

5.1 Climate Analysis 

The Climate Analysis, Component 1 of this study includes an analysis of observed 

and simulated daily time series of precipitation and temperature for historic (1966-

2005) and future (short-term: 2006-2020, medium-term: 2021-2050, long-term: 

2051-2199). The study is undertaken for the MSs in the CASA. A summary of the 

results of the analysis within the scope of Component 1 is given in the below 
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sections. The details and findings of the study are presented in four articles attached 

(from hereinafter will be referred to as Paper 1 to 4). The list of the papers presented 

in the Appendices of this thesis is as follows: 

 

1. Mesta, B., & Kentel, E. (2022). Superensembles of raw and bias‐adjusted regional 

climate models for Mediterranean region, Turkey. International Journal of 

Climatology. 42(4), 2566-2585. 

(See Appendix A) 

2. Mesta, B., Sasaki, H., Nakaegawa, T., & Kentel, E. (2022). Changes in 

precipitation climatology for the Eastern Mediterranean using CORDEX RCMs, 

NHRCM and MRI-AGCM. Atmospheric Research, Volume 272, 2022, 106140.  

(See Appendix B) 

3. Mesta, B., Sasaki, H., Nakaegawa, T., & Kentel, E. (submitted). Effect of Climate 

Change on Surface Air Temperature at Eastern Mediterranean, Turkey. 

In review.  

(See Appendix C) 

4. Mesta, B., Akgun, O.B., Kentel, E. (submitted). Improving precipitation estimates 

for Turkey with multi-model ensemble: A comparison of nonlinear artificial 

neural network method with linear methods. 

In review.  

(See Appendix D) 
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5.1.1 Analysis of Temperature and Precipitation Climatology 

The climatologic properties of the CASA are assessed through the analysis of daily 

mean temperature and daily total precipitation observations for the period from 1966 

to 2005 at 59 MSs. Accordingly, throughout the CASA (at 59 MSs) the 

climatological annual mean temperature range between 10°C and 20°C for the period 

between 1966 and 2005. The climatological annual mean temperature in coastal 

areas is 18°C or higher, whereas at the inland stations the mean annual temperature 

drops down to 10°C at some parts of the CASA (See Figure 5.1). The coastal stations 

are observed to have higher mean temperatures for all seasons compared to inland 

stations in CASA. For the MSs in the CASA coldest mean temperature for the winter 

season is recorded at Hadim MS (MS: 17928, at 1500mASL) in the Eastern 

Mediterranean Basin and Kulu MS (MS: 17754, at 1000mASL) in the Central 

Anatolia region. At these stations, the long-term mean for winter temperature is 

slightly less than 0°C (Figure 5.1). For the summer season, Mut MS (MS: 17956) in 

the eastern Mediterranean Basin is recorded to have the highest long-term mean 

seasonal temperature (28°C). The long-term mean temperature difference between 

the winter and summer seasons is between 14°C and 21°C across the CASA.  

Analysis of the long-term precipitation data for the same observation period indicates 

the highest precipitation seasonality for coastal MSs, for which the annual 

precipitation is mostly received as rain during the winter season (Figure 5.1). During 

the summer season, the mean precipitation may even drop to zero at the coastal MSs. 

However, the coastal stations still receive annual mean precipitation over 2 mm/day 

which is higher than the mean annual precipitation at the inland stations. The MSs 

in Central Anatolia, particularly in Konya Closed Basin, have the lowest annual 

mean precipitation (less than 1mm/day) (Figure 5.1). The wet seasons for this region 

are winter and spring.  
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Figure 5.1. Annual mean temperature (upper panel) and precipitation (lower panel) 

climatology (for 1966-2005 period) maps of the CASA 

 

The spatial variability of temperature and precipitation climatology in the CASA is 

illustrated in Figure 5.2. The maps in Figure 5.2 show the deviation of the annual 

means for each meteorological station from the areal mean of the CASA (i.e., the 

arithmetic average of 59 MSs) for the period between 1966 and 2005. 

The maps are formed by the use of the IDW method for the interpolation of ∆𝑇�̅� 

values to convert the point data calculated for the stations to the surface data for the 
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entire study area. The spatial climatic anomaly (i.e., deviation from the areal mean) 

for stations, ∆𝑇�̅�, is calculated as: 

 

 ∆𝑇�̅� = 𝑇�̅� − �̅�  (14) 

 

where, 𝑇�̅� represents the long-term average of the mean annual temperature at station 

𝑖, and �̅� is the mean temperature of the study area for the same period: 

 

 
�̅� =  

∑ 𝑇�̅�
𝑛
𝑖=1

𝑛
 

(15) 

 

where 𝑛 is the total number of stations in the study area.  

The upper and lower panels in Figure 5.2 show mean temperature and mean 

precipitation climatology maps, respectively. Below each map the �̅� value calculated 

for the CASA is given.  

As seen in Figure 5.2, the spatial variability of temperature is significantly influenced 

by the topographical features of the CASA. The Taurus Mountains in the south 

running parallel to the coastline defines the boundary for the coastal climatology 

zone with higher annual mean temperature and precipitation, whereas in the west the 

topology of mountain ranges extending in a west-east direction lets the milder 

climate conditions reach further inland. 
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Figure 5.2. Mean annual temperature (top panel) and precipitation (bottom panel) 

climatology anomaly at MSs from CASA mean. 

 

Further analysis of baseline climatology in the CASA is detailed in Paper 2 and 

Paper 3 in Appendices B and C. 

5.1.2 Analysis of Simulation Performances of Climate Models  

This section provides the analysis of the performance of the climate model 

simulations to replicate the observed temperature and precipitation. In that scope, 

CASA Areal Mean: 14.2°C 

CASA Areal Mean: 1.71 mm/day 

mm/day 

Hadim MS 

(17928) Mut MS 

(17956) 

Kulu MS 

(17754) 
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historic time series of 14 raw (i.e., non-bias adjusted) high-resolution climate 

models, 12 bias-adjusted CORDEX RCMs, and ensembled series generated from 

raw and/or bias-adjusted RCMs are validated through a comparison with the RD (i.e., 

observed data) of the same period. 

5.1.2.1 Performance of Climate Model Simulations in Representing Spatial 

Variability of Temperature and Precipitation Climatology 

As detailed in Chapter 2, for the simulation of meteorologic parameters that are 

influenced by local processes such as precipitation, GCMs do not provide sufficient 

resolution to replicate local conditions and may include significant biases (Fujihara 

et al., 2008; Sato et al., 2012; Sunyer Pinya et al., 2015; Lun et al., 2021; Park et al., 

2021). Therefore, for the purpose of basin-scale hydrological impact assessment, 

high-resolution climate models are selected to be used in this study. However, even 

the high-resolution RCMs may include biases that are inherited from their driving 

GCMs or due to poor parametrization (Sharma et al., 2007; Piani et al., 2010; Jaw 

et al., 2015). Hence, before the use of climate simulations for impact assessment 

purposes the models are required to be validated. For the analysis of the performance 

of model simulations to represent spatial variability of temperature and precipitation 

climatology in CASA, 14 raw high-resolution climate models (i.e., 12 CORDEX 

RCMs and 2 MRI climate models) are used. The spatial variability is analyzed 

through a benchmark of RD from 59 MSs across the CASA. For the evaluation of 

the simulation performances of the climate models for temperature and precipitation 

in the CASA regarding the spatial variability of climatology, historical simulations 

by the climate models are compared with the observed (See the Taylor diagrams in 

Figure 5.3). To evaluate the simulation performances, the performance indicators, 

Corr, RMSE, and bias (PBIAS for precipitation and Bias for temperature), and API 

calculated from the ranking of models according to these indicators are used. The 

API values calculated for the climate models are given in Table 5.1. 
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Based on a combined evaluation of the Taylor diagram and performance indicators, 

the below listed five climate models are identified to have the highest simulation 

performances in the replication of baseline temperature climatology. These are: 

 M1: MRI-AGCM 

 M2: MRI-AGCM_NHRCM 

 M7: EC-EARTH_HIRHAM5 

 M12: HadGEM2-ES_CCLM4-8-17 

 M14: HadGEM2-ES_RCA4 

 

For precipitation, five climate models identified to have the highest simulation 

performances in the replication of baseline climatology are:  

 M2: MRI-AGCM_NHRCM 

 M6: EC-EARTH_CCLM4-8-17 

 M7: EC-EARTH_HIRHAM5 

 M8: EC-EARTH_RACMO22E 

 M14: HadGEM2-ES_RCA4 

 

In the 14-member ensemble, M3: CNRM-CM5_ALADIN53 is found to perform 

worst both for temperature and precipitation. On the other hand, as seen above, M2: 

MRI-AGCM_NHRCM, M7:EC-EARTH_HIRHAM5, and M14: HadGEM2-

ES_RCA4 are among the best performing models both for temperature and 

precipitation climatology. However, M8: EC-EARTH_RACMO22E which 

performed well for precipitation is seen to perform relatively poorly for temperature.  

The analysis of simulation performances indicated a significant variation in the 

modeling skills of 14 models. Furthermore, significant intra-regional variability is 

observed regarding the simulation performances of the models. Hence, some climate 

models may perform particularly poorly for certain MSs and for certain seasons (e.g., 
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summer season or inland MSs). Therefore, for hydrological impact assessment 

purposes modeling skills are required to be evaluated with a focus on the local scale 

of the hydrological assessment (e.g. hydrological modeling area) and the particular 

study objective (e.g., assessment for water supply or flood risk). A detailed analysis 

of the performances of climate models in the 14-member ensemble for simulation of 

temperature and precipitation in the CASA is given in Paper 2 and Paper 3 in 

Appendices B and C. 

 

  

Symbol Model ID Model Name Symbol Model ID Model Name 

 M1 MRI-AGCM  M8 EC-EARTH_RACMO22E 

 
M2 MRI-AGCM_NHRCM  M9 EC-EARTH_RCA4 

 
M3 CNRM-CM5_ALADIN53 

 
M10 CM5A-MR_RCA4 

 M4 CNRM-CM5_CCLM4-8-17  M11 CM5A-MR_WRF331F 

 
M5 CNRM-CM5_RCA4  M12 HadGEM2-ES_CCLM4-8-17 

 M6 EC-EARTH_CCLM4-8-17 
 

M13 HadGEM2-ES_RACMO22E 

 M7 EC-EARTH_HIRHAM5 
 

M14 HadGEM2-ES_RCA4 

 RD for CORDEX RCMs (1966-2005)  RD for MRI climate models(1975-2005) 
 

 

Figure 5.3. Taylor diagrams for the climate models compared with the observed 

temperature and precipitation climatology concerning the spatial variability in the 

CASA (left panel: temperature, right panel: precipitation) 
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Table 5.1 Aggregated Performance Indicator (API) values for climate models 

(Spatial Variability of Climatology) 

ID Model Name API for Temperature8 API for Precipitation8 

M1 MRI-AGCM 5.00 8.00 

M2 MRI-AGCM_NHRCM 5.33 1.67 

M3 CNRM-CM5_ALADIN53 14.00 11.67 

M4 CNRM-CM5_CCLM4-8-17 8.67 12.67 

M5 CNRM-CM5_RCA4 9.00 7.00 

M6 EC-EARTH_CCLM4-8-17 7.67 3.00 

M7 EC-EARTH_HIRHAM5 5.67 4.00 

M8 EC-EARTH_RACMO22E 9.33 5.00 

M9 EC-EARTH_RCA4 9.00 6.67 

M10 CM5A-MR_RCA4 6.00 10.00 

M11 CM5A-MR_WRF331F 8.00 13.33 

M12 HadGEM2-ES_CCLM4-8-17 5.33 10.00 

M13 HadGEM2-ES_RACMO22E 7.33 7.67 

M14 HadGEM2-ES_RCA4 4.67 4.33 

 

 

5.1.2.2 Performance of Climate Model Simulations in Representing 

Temporal Variability of Temperature and Precipitation Climatology 

The performance of 14 raw high-resolution climate models' simulations to represent 

temporal variability of temperature and precipitation climatology in CASA is also 

analyzed through a benchmark of RD from 59 MSs across the CASA. For the 

analysis, the historical time series of annual means of temperature and precipitation 

on average of the CASA (i.e., the average of 59 MSs) calculated for each climate 

                                                 

 

8 the best values are indicated in bold. 
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model for the period between 1966 and 2005 are compared with the observed means 

through the use of Taylor diagram (Figure 5.4) and API (Table 5.2) values. For MRI 

models the historical period is taken between 1980 and 2001. 

 
 

Symbol Model ID Model Name Symbol Model ID Model Name 

 M1 MRI-AGCM  M8 EC-EARTH_RACMO22E 

 
M2 MRI-AGCM_NHRCM  M9 EC-EARTH_RCA4 

 
M3 CNRM-CM5_ALADIN53 

 
M10 CM5A-MR_RCA4 

 M4 CNRM-CM5_CCLM4-8-17  M11 CM5A-MR_WRF331F 

 
M5 CNRM-CM5_RCA4  M12 HadGEM2-ES_CCLM4-8-17 

 M6 EC-EARTH_CCLM4-8-17 
 

M13 HadGEM2-ES_RACMO22E 

 M7 EC-EARTH_HIRHAM5 
 

M14 HadGEM2-ES_RCA4 

 RD for CORDEX RCMs (1966-2005)   
 

Figure 5.4. Taylor diagrams for the climate models compared with the observed 

temperature and precipitation climatology concerning the temporal variability in the 

CASA (left panel: temperature, right panel: precipitation) 

  

  



 

 

96 

Table 5.2 Aggregated Performance Indicator (API) values for climate models 

(Temporal Variability of Climatology) 

ID Model Name API for Temperature8 API for Precipitation8 

M1 MRI-AGCM 1.33 11.00 

M2 MRI-AGCM_NHRCM 1.67 2.33 

M3 CNRM-CM5_ALADIN53 13.33 8.67 

M4 CNRM-CM5_CCLM4-8-17 9.33 9.67 

M5 CNRM-CM5_RCA4 11.33 3.67 

M6 EC-EARTH_CCLM4-8-17 8.33 7.00 

M7 EC-EARTH_HIRHAM5 6.33 4.33 

M8 EC-EARTH_RACMO22E 10.33 8.00 

M9 EC-EARTH_RCA4 10.67 3.00 

M10 CM5A-MR_RCA4 5.67 9.00 

M11 CM5A-MR_WRF331F 8.67 11.33 

M12 HadGEM2-ES_CCLM4-8-17 4.00 9.00 

M13 HadGEM2-ES_RACMO22E 9.67 11.33 

M14 HadGEM2-ES_RCA4 4.33 6.67 

 

Based on a combined evaluation of the Taylor diagram and performance indicators, 

the below listed five climate models are identified to have the highest simulation 

performances in the replication of baseline temperature climatology. These are: 

 M1: MRI-AGCM 

 M2: MRI-AGCM_NHRCM 

 M10: CM5A-MR_RCA4 

 M12: HadGEM2-ES_CCLM4-8-17 

 M14: HadGEM2-ES_RCA4 

For precipitation, five climate models identified to have the highest simulation 

performances in the replication of baseline climatology are:  

 M2: MRI-AGCM_NHRCM 

 M5: CNRM-CM5_RCA4 

 M7: EC-EARTH_HIRHAM5 
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 M9: EC-EARTH_RCA4 

 M14: HadGEM2-ES_RCA4 

The climate models’ performances to replicate interannual variability in actual 

observations are significantly affected by the model setups such as assumptions on 

initial atmospheric and meteorological conditions. Hence, all of the models in the 

ensemble are seen to have worse performance for the replication of the interannual 

variability of temperature and precipitation compared to the performance to replicate 

the spatial variability of climatology.  

 

5.1.2.3 Performance of Raw versus Bias-Adjusted RCM Outputs in 

Representing Temporal Variability of Precipitation Climatology 

A multi-model analysis is done in order to evaluate the simulation performances of 

raw/non-bias adjusted CORDEX RCMs in comparison with the bias-adjusted 

CORDEX RCMs. The analysis is done on selected eight MSs located in the HMSA. 

The ensemble set included four raw and twelve bias-adjusted CORDEX RCMs (i.e., 

each RCM post-processed with CDFt, QMAP, and DBS methods for bias 

adjustment). The findings from the analysis verified that the simulation 

performances to replicate the climatology and temporal variability of precipitation 

in the region are significantly diversified not only for the raw RCMs but also for the 

bias-adjusted outputs. Furthermore, when the specific MSs or specific seasonal 

conditions are taken into consideration the analysis demonstrated that the bias-

adjusted outputs from the CORDEX database (a product of the CORDEX-Adjust 

Project) do not necessarily provide an improvement in the simulation performance 

of precipitation outputs of raw RCMs (Figure 5.5 and Figure 5.6). As seen from 

Figure 5.5, for Karaman MS raw RCMs provide better results regarding Corr, RMSE, 

and PBIAS values, in general. Furthermore, concerning the Corr values the bias-

adjusted outputs for RCM3 (EC‐EARTH_ RACMO22E) are observed to perform 
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worse than the raw RCMs for Karaman, Anamur, and Seydişehir MSs. Hence, the 

bias-adjusted RCMs from the CORDEX database should be used only after adequate 

validation through a comparison of historical outputs with observed data. 

A detailed comparison of the performances of raw and bias-adjusted climate models 

for the simulation of seasonal and annual precipitation is given in Paper 1 in 

Appendix A.   

Additionally, to assess potential improvement in estimations of precipitation, 

ensembled outputs obtained through Superensemble (SE) method are also analyzed 

for their simulation performances in comparison to the individual raw and bias-

adjusted RCMs. For that purpose, three types of ensembled outputs (i.e., SE_RCM, 

SE_BARCM, SE_All) are generated by the use of raw and bias-adjusted RCMs in 

the ensemble set. Among the three ensembled output types that are produced by the 

use of the SE approach SE_RCM is formed from four raw RCMs only, SE_BARCM 

is formed from 12 bias-adjusted RCMs only, and SE_All is formed using all models 

in the ensemble set (i.e., 4 raw and 12 bias-adjusted RCM outputs). The analysis is 

done on selected eight MSs located in the HMSA. 
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Figure 5.5. Comparison of statistical performance indicators (SPIs) with observed 

for single (raw and bias-adjusted) regional climate models (RCMs) and 

superensembles (SEs) for the test dataset 
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The comparison of the simulation performances of ensembled outputs with 

individual RCMs indicated that all three SE outputs are seen to improve the 

simulation performances regarding the PBIAS, RMSE, and Corr values (Figure 5.5), 

particularly for annual climatology. The analysis also indicated that SE improved 

correlation (up to 42%) and RMSE (between 20 and 72%) for the monthly 

precipitation time series of the historical simulations from the individual climate 

models, respecting the best-performing RCM. Furthermore, total bias is also 

significantly reduced by SE verifying the better performance of SEs over the raw 

and bias‐adjusted models concerning these performance indicators. Taylor diagrams 

in Figure 5.6 also verify improvement in the simulation performance for precipitation 

by SE compared to both raw and bias-adjusted outputs for all eight MSs in the 

HMSA. However, concerning the seasonality and variability of precipitation, some 

limitations are still observed for SE outputs which should be taken into consideration 

for the use of outputs for further impact assessment purposes. The detailed analysis 

of SE outputs in comparison with the individual RCMs is given in Paper 1 in 

Appendix A. 
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Consequently, the analysis results (detailed in Paper 1 in Appendix A) indicated that 

the bias-adjusted outputs may improve simulation performances for certain 

locations, certain seasons, or periods while it may degrade the simulation 

performances for other locations and seasons. Therefore, the bias-adjusted RCM 

outputs should again be used by taking into consideration of the local-scale 

conditions and the purpose of the study. 

Furthermore, the analysis of 14 raw (Section 5.1.2.1 and 5.1.2.2), and 12 bias-

adjusted RCMs verifying high inter-model variability of the modeling skills shows 

the importance of the multi-model analysis for the assessment of uncertainties. 

Additionally, the analysis of potential improvements and drawbacks of the use of 

ensembled outputs indicated that ensembled outputs provide certain benefits such as: 

 Improvement in the simulation performances with respect to the SPI’s 

including Corr, and RMSE.  

 Bias adjustment and reduction in the total bias in the simulations. 

Thus, reduction of the uncertainty in the estimations is achieved through ensembled 

time series. On the other hand, ensembled outputs obtained in this study have the 

limitation of reducing the variability of the parameter simulated by the climate 

models and fail to represent the observed low-frequency events (detailed in Paper 1 

in Appendix A). 

Hence, for the impact analysis on temperature and precipitation in CASA and at 

Akseki MS (Section 5.1.3), multi-model analysis is applied by the use of raw high-

resolution climate models. The analysis includes an evaluation of potential 

uncertainties by taking the range of variability shown by all models in the ensemble 

set. In addition, to obtain information on the general trend for the projections, a 

simple ensembling method (i.e., PBWA) is used to assess changes in the temperature 

and precipitation in the overall CASA (Section 5.1.3.1). For Akseki MS, with the 

purpose of further streamflow impact assessment two more complex ensembling 

approaches (SE, and SME) are used (Section 5.1.3.2).   
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5.1.3 Analysis of Potential Impacts of Climate Change on Temperature 

and Precipitation  

This section presents the results of the analysis of potential future impacts on 

temperature and precipitation based on climate projections. The analysis is done at 

two different scales. The first analysis is for the CASA (including 59 MSs) based on 

the projections by 14 raw (i.e., non-bias adjusted) high-resolution climate models 

(Section 5.1.3.1). Following that analysis is done with the purpose of providing 

inputs for subsequent streamflow impact assessment for the Oymapınar basin 

(Section 5.1.3.2). Assessment for the Oymapınar basin includes the analysis for 

Akseki MS in the basin and is based on the projections by 12 raw CORDEX RCMs 

and ensembled series generated from these RCMs. 

5.1.3.1 Analysis of Temperature and Precipitation Projections for the CASA  

The potential changes in mean temperature and precipitation due to climate change 

in the CASA are assessed for the short- (2020-2030), medium- (2031-2050), and 

long-term (2051-2099) future based on the projections of 12 CORDEX RCMs for 

RCP4.5 and 8.5 scenarios. Additionally, projections by MRI’s climate models for 

the RCP8.5 scenario for the 2080-2100 period are analyzed.  

For the analysis, changes in the mean temperature and precipitation at 59 MSs in the 

CASA are determined from the difference of the long-term means projected for the 

relevant future periods from the historical means (of 1966-2005 period for CORDEX 

RCMS and 1981-2000 for MRI's models) simulated by climate models. Furthermore, 

the statistical significance of the projected changes is tested by the use of Welch’s 

test as detailed in Section 4.1.3, and Paper 2 and Paper 3 in Appendices B and C. 

The boxplots of the projected change in the mean temperature (°C) and percent 

change in the mean precipitation (%) for (a) short-, (b) medium‑, (c) long-term future 

under RCP4.5 and RCP8.5 scenarios are given in Figure 5.7 and 5.8, respectively. 

In the boxplots, in Figures 5.7 and 5.8, the upper whisker boundary indicates the 
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largest data within 1.5 IQR (interquartile range, i.e., the difference between 75th and 

25th percentiles) above the 75th percentile, and the lower whisker indicates the 

smallest data within 1.5 IQR below the 25th percentile of the projections for each 

climate model. The boxplots of the MRI's climate models for the long-term 

demonstrate only the RCP8.5 projections for the long-term future covering the period 

of 2080 to 2099. 

 

 

Figure 5.7. Boxplot showing projected change in temperature climatology for (a) 

short-, (b) medium-, (c) long-term future under RCP4.5 and RCP8.5 scenarios  
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As seen in Figure 5.7, the analysis of the 14-member ensemble for temperature 

verifies that: 

 The projections by all models agree on a gradual increase in the mean 

temperature in the entire CASA (i.e., 59 MSs) during the 21st century for both 

RCP4.5 and 8.5 scenarios.  

 The temperature increases at all MSs and for all future terms are projected to 

be statistically significant (with a 95% confidence level) under both 

scenarios. 

 The projections on temperature increase for the RCP4.5 scenario from 12 

CORDEX RCMs range between 0.6°C and 2.6°C for short-term, 0.9°C and 

3.3°C for medium-term, and 1.7°C and 4.5°C for the long-term future across 

the CASA.  

 The ensemble means of 12 CORDEX RCMs regarding the RCP4.5 scenario 

for the short-, medium- and long-term future indicate a 1.2°C, 1.6°C, and 

2.5°C increase in the mean temperature on average of 59 MSs (i.e., areal 

average). 

 The projections on temperature increase for the RCP8.5 scenario from 12 

CORDEX RCMs range between 0.9°C and 2.7°C for short-, 1.2°C and 4°C 

for medium-, and 2.8°C and 6.6°C for long-term future.  

 For the RCP8.5 scenario, for the short-, medium- and long-term future, the 

ensemble means of 12 CORDEX RCMs show 1.4°C, 2.1°C, 4.1°C increase 

in the mean temperature on average of 59 MSs. 

 The projections by MRI’s climate models for the long-term future under the 

RCP8.5 scenario show statistically significant temperature increases in the 

range of 4°C to 5.2°C and 4°C to 5.4°C, based on M1 and M2, respectively.  

 The areal mean for temperature change is projected as 4.9°C by M1, and 

4.7°C by M2.  
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The multi-model analysis for annual mean temperature change in the CASA is in 

agreement with the increase in the annual mean temperature in the land portion of 

the Mediterranean, ranging between 0.9 to 5.6°C for different emission scenarios as 

identified by the AR6 of IPCC to be very likely compared to the historic period of 

1980-2000 (Ali et al., 2022). 

Additionally, the ensemble mean projections for the RCP4.5 scenario are similar to 

the findings by Johns et al. (2003). Johns et al. (2003) in their study verified a 

statistically significant 1.5°C and 2.7°C increase in the annual mean temperature in 

Southern Europe in the 2040s (2030-2059) and in 2080s (2070-2100), respectively, 

under the SRES B1 scenario which is comparable with the RCP4.5 scenario of the 

AR6. The findings by Gualdi et al. (2013) revealed a steady increase in the mean 

temperature in the Mediterranean for the short-, and medium-term future. Their 

findings indicated a slightly higher increase (an increase over 2°C) under the SRES 

A1B scenario which is comparable with the RCP6 scenario, based on the assumption 

of approximately 200 ppm CO2-eq. higher atmospheric GHG concentrations and 

1.5W/m2 higher radiative forcing than the RCP4.5 scenario of the AR6.   

For the high emission RCP8.5 scenario which is comparable with the A1FI and A2 

scenarios of the SRES, the ensemble mean projections of the 14-member ensemble 

set in this study are similar to the findings from Johns et al. (2003) and Giorgi and 

Lionello (2008). Johns et al. (2003) verified an increase of 2.2°C and 5.4°C for the 

annual mean temperature in the 2040s and 2080s, respectively, in Southern Europe, 

under the SRES A1Fi scenario. Similarly, based on the results from the Prudence 

project and data adapted from Déqué et al. (2005) in the southern Mediterranean 

study area including Italy and Greece, Giorgi and Lionello (2008) indicated a 

temperature increase under the SRES A2 scenario for the last 30 years of 21st century 

(2071-2100). Their findings are in agreement with the above-given findings and 

reveal a temperature increase in the range of 2.7°C and 4.2°C based on GCMs, and 

3.9°C and 6.8°C based on RCMs. On the other hand, the findings by Seguí et al. 

(2010) on an increase in annual temperature in the range of 1.5°C and 1.7°C for the 

A2 scenario in the Mediterranean region of France for the future time period between 
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2035-2065 is lower than the projections analyzed in this study for the CASA which 

covers a significant portion of the Anatolian Peninsula. 

 

 

Figure 5.8. Boxplot showing percent change in annual precipitation climatology 

projected by climate models for (a) short-, (b) medium-, (c) long-term future (In (c) 

MRI’s maximum model range for M1: MRI’s AGCM extends beyond the limit of y 

axis in the plot, it ranges between -69% to 120%) 
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Analysis of the projections from the 14-member ensemble for precipitation reveals 

the following findings that are also seen in the boxplots in Figure 5.8.  

 Projections for the CASA indicate significant intra-regional variability in 

the size and type (i.e., decrease or increase) of impact on precipitation. 

 Under the RCP4.5 scenario, the projections on percent change in the 

mean precipitation from 12 CORDEX RCMs for 59 MSs in the CASA 

range between -22% and 24% for short-, -34% and 23% for medium-, 

and -38.5% and 21.5% for long-term future. 

 Concerning the CASA on average, the ensemble means of CORDEX 

RCMs indicate a 0.5%, 2.7%, and 7% decrease in precipitation for the 

short-, medium-, and long-term future under the RCP4.5 scenario, 

respectively. 

 Under the RC8.5 scenario, the projections of CORDEX RCMs on percent 

change in the mean precipitation range between -16% and 37% for short-

,-25% and 55% for medium-, and -51.5% and 47% for long-term future 

at 59 MSs across the CASA.  

 On average for the entire CASA, the ensemble means for 12 RCMs show 

+1.3%, -4.6%, and -14% change in precipitation for short-, medium-, and 

long-term future under the RCP8.5 scenario, respectively. 

 Based on the projections by MRI-AGCM_NHRCM on average of the 

CASA a 14% decrease in the mean annual precipitation is calculated for 

the long-term future period between 2080 and 2099 compared to the 

historical period between 1981 and 2000. A statistically significant level 

of change in precipitation is projected for the long-term future between 

2080 and 2099 under the RCP8.5 scenario for more than 40% of the MSs 

in the SA. 
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The IPCC’s AR6 highlights a likely decrease in precipitation in the range of 4% to 

22% in most parts of the Mediterranean at the end of this century, depending on the 

projection scenario (Ali et al., 2022). The ensemble mean in this study is within the 

range of the projections underlined in the AR6, however, the projections for the 

RCP8.5 scenario in the CASA are lower than the projected maximum increase 

mentioned by the AR6 for the Mediterranean basin. 

The analysis of the potential change in the mean precipitation in Mediterranean 

mountains (including Taurus, Pyrenees, Apennines, Dinaric Alps, Pintos, and Atlas) 

under the SRES B1 scenario which is comparable to the RCP4.5 scenario by Bravo 

et al. (2008) indicated a decrease in precipitation in the range of 2.5 and 5.7% for 

2055s (2040-2069) and 2085s (2070-2099). For the SRES A1FI scenario, 

comparable with the RCP8.5, their findings revealed 5.9 and 13% decreases for 

2055s and 2085s, respectively. Thus, the findings in this study are similar to those 

findings. However, for the CASA a slightly more intensified decrease is projected 

for RCP4.5 in the long term. Furthermore, Bravo et al. (2008) demonstrated that 

among the Mediterranean mountain ranges the highest decrease in precipitation is 

expected for the Taurus mountains. For the A1Fi scenario 8.8% (2055s) and 22.4% 

(2085s) decreases, and for B1 scenario 4.1% (2055s) and 9.4% (2085s) decreases are 

estimated. A comparison of their findings with the analysis results for Akseki MS 

(See Section 5.1.3.2 Table 5.8) verifies similar projections for the Akseki MS based 

on the 14-member ensemble mean. However, the Akseki MS located at 1150 m 

altitude in the western Taurus mountains is projected to experience a slightly higher 

decrease (-11.8%) for the RCP 4.5, and a slightly lower decrease (20%) for the 

RCP8.5 scenario compared to the projections indicated by Bravo et al. (2008) (i.e., 

9.4% and 22.4% for B1 and A1Fi scenarios) for the 2085s. 

Seguí et al. (2010) identified a much lower decrease in the mean precipitation (i.e., 

3 to 4%) for the future time period between 2035-2065 in the Mediterranean region 
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of France under the SRES A2 scenario, compared to the decrease projected in the 

CASA. 

A comparison of the projected changes in the mean temperature and precipitation 

across the basins in the CASA verifies an inverse linear relationship (Figure 5.9). 

The increase in the mean temperature at the basins is projected to be parallel to a 

decrease in the mean precipitation at all basins within the CASA. 

 

 

Figure 5.9. Areal average changes at basins in the CASA for short-, medium, and 

long-term future based on the mean projection by 12 CORDEX RCMs, and 

individual projection of MRI-AGCM_NHRCM (Both RCP4.5 and RCP8.5 

projections for the same basin are shown with the same symbol and color) 

 

Further details on the analysis results for the assessment of likely climate change 

impacts on mean temperature and precipitation are provided in Paper 2 and Paper 3 

in Appendices B and C.  

Consequently, the analysis of the projected changes in annual temperature and 

precipitation throughout the CASA indicates a statistically significant and gradual 

increase in temperature throughout the 21st century, and a statistically significant 

decrease in precipitation at a significant portion of the CASA, for the second half of 

the century. The concurrent impacts on temperature and precipitation in the CASA 
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are expected to aggravate the stress on the water resources and increase the drought 

risk in the region, particularly in inland basins where the increase in temperature is 

likely to be more pronounced due to the intensification of the dry climate 

characteristics. The IPCC’s AR6 stresses the drying in the Mediterranean in the last 

decades and emphasizes a highly likely aggravation of droughts during this century 

(Ali et al., 2022) such as the potential drying of the major freshwater lake of Turkey 

(i.e., Lake Beyşehir) in Konya Closed Basin (Bucak et al., 2017), which is also 

located approximately 25 km to the north of the HMSA. Furthermore, the study by 

Yilmaz et al. (2021) revealed that elevated evapotranspiration due to increased 

temperature under both RCP4.5 and 8.5 scenarios intensifies water loss from inland 

surface water bodies and may even cause the complete loss of some of them (Yilmaz 

et al, 2021). 

Similarly, the analysis results in this study show that the impacts are likely to 

increase with time and exacerbate the risk of water stress. Intensified impacts are 

particularly very likely after the onset of a significant level of decrease in the 

precipitation in the long-term future (i.e., in the second half of the 21st century). 

Therefore, tiered adaptation strategies are considered to be necessary to minimize 

the increased risks and vulnerabilities regarding the climate change impacts on water 

resources. 

5.1.3.2 Analysis of Temperature and Precipitation Projections for the 

Akseki MS 

For the subsequent streamflow impact assessment for the Oymapınar basin in 

Component 3 of the study (Section 5.3), the meteorological parameters simulated by 

RCMs are validated specifically for the modeling basin before the use in the 

hydrological modeling. Furthermore, to benefit from the advantages of the 

ensembling two different approaches are analyzed in order to obtain a better 

efficiency for the simulation of the streamflow at the model basin. The potential 
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improvement by ensembling for hydrological impact assessment (Section 5.3) is 

evaluated for two conditions: 

1. Ensembling of meteorological time series for the Akseki MS to be used as 

input of the hydrological model. 

2. Ensembling of the streamflows simulated for individual climate models for 

the Akseki MS.  

This subsection details the results of validation of the individual climate models for 

the Akseki MS and production and testing of the simulation performance of 

ensembled time series for precipitation and temperature at the Akseki MS. The 

results of the latter approach, ensembling of the streamflow time series, are detailed 

in Section 5.3.  

Generation of the ensembled temperature and precipitation time series and analysis 

of simulation performances in comparison to the individual RCMs  

The temperature and precipitation simulations of the individual climate models for 

the model grid closest to the Akseki MS are initially ensembled using SME and SE 

methods. The ensembling of the daily time series aims to decrease variability in 

estimations and provide bias adjustment in the climate simulations.  

The ensembled time series generated with SME methodology is formed using equal 

weights for the anomalies simulated by each model for historic (1971-2005) and 

future (2006-2099) RCP4.5 and 8.5 scenario conditions. For the application of the 

SE method, data series resampled from the historic period are initially used for the 

training of the SE to determine the weights of modeled anomalies. The weights 

identified during training are then used to generate continuous time series for historic 

and future periods. Depending on the available observed meteorological data for the 

Akseki MS in the historical period, the training and validation of SE are done by the 

use of data collected between January 1971 and December 2003. The list of 12 

CORDEX RCMs used for the generation of ensembled time series by SME and SE 

approaches is given in Section 4.3.2 (Table 4.7).  
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For the development of the SE model, the data for the Akseki MS from between 

1971 and 2003 are firstly resampled to obtain randomly partitioned two data sets, 

training and test (i.e., validation) data sets. The training (i.e., calibration) data set is 

formed to include 75% of the entire time series and the test data set to include the 

remaining 25 %. The same data points (same point in time) are used for the data sets 

from the observed and modeled temperature and precipitation. The efficiency of the 

ensembled training and test data sets generated using SE and SME approaches to 

replicate the observed daily data in comparison with the efficiency of the individual 

models are shown in Tables 5.3 and 5.4 for temperature and precipitation, 

respectively.  

 

Table 5.3 Analysis of the SPI values for the daily temperature data of individual 

models and ensembled outputs for training and test data sets for the Akseki MS 

    Training  Test 

 Climate Model  Corr RMSE PBIAS  Corr RMSE PBIAS 

ID GCM RCM   (°C) (%)   (°C) (%) 

M1 CNRM-CM5  CCLM4-8-17  0.83 7.66 -44.43  0.83 7.66 -44.62 

M2 CNRM-CM5  ALADIN53  0.89 6.87 -41.61  0.89 6.81 -41.09 

M3 CNRM-CM5  RCA4  0.86 7.05 -40.87  0.86 7.02 -40.72 

M4 EC-EARTH  CCLM4-8-17  0.84 7.50 -43.37  0.84 7.46 -42.61 

M5 EC-EARTH  RACMO22E  0.87 9.05 -57.42  0.87 9.00 -56.57 

M6 EC-EARTH  HIRHAM5  0.87 6.18 -34.27  0.86 6.24 -34.01 

M7 EC-EARTH  RCA4  0.86 7.36 -43.86  0.85 7.33 -43.14 

M8 CM5A-MR  WRF331F  0.87 5.46 -25.57  0.87 5.44 -25.47 

M9 CM5A-MR  RCA4  0.87 6.68 -37.72  0.87 6.76 -38.10 

M10 HadGEM2-ES  CCLM4-8-17  0.86 6.45 -34.36  0.86 6.31 -32.81 

M11 HadGEM2-ES  RACMO22E  0.87 8.08 -48.09  0.87 7.91 -46.93 

M12 HadGEM2-ES  RCA4  0.87 6.18 -33.55  0.86 6.16 -32.80 

SE    0.939 3.19 -0.11  0.92 3.22 0.32 

SME    0.92 3.25 -0.12  0.92 3.25 0.35 

                                                 

 

9 best values are indicated in bold 
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Table 5.4 Analysis of the SPI values for the daily precipitation data of individual 

models and ensembled outputs for training and test data sets for the Akseki MS 

    Training  Test 

 Climate Model  Corr RMSE PBIAS  Corr RMSE PBIAS 

ID GCM RCM   (mm) (%)   (mm) (%) 

M1 CNRM-CM5  CCLM4-8-17  0.07 13.61 -15.06  0.04 12.56 -5.41 

M2 CNRM-CM5  ALADIN53  0.07 16.36 23.95  0.05 15.02 41.88 

M3 CNRM-CM5  RCA4  0.09 14.04 -27.77  0.11 12.28 -26.36 

M4 EC-EARTH  CCLM4-8-17  0.05 13.42 -36.04  0.03 11.98 -29.7 

M5 EC-EARTH  RACMO22E  0.05 14.53 -30.86  0.06 12.96 -24.71 

M6 EC-EARTH  HIRHAM5  0.04 16.61 -8.08  0.09 14.78 0.17 

M7 EC-EARTH  RCA4  0.06 13.92 -39.74  0.04 12.63 -31.13 

M8 CM5A-MR  WRF331F  0.05 14.94 -5.18  0.09 14.41 16 

M9 CM5A-MR  RCA4  0.06 14.25 -38.82  0.06 12.73 -39.09 

M10 HadGEM2-ES  CCLM4-8-17  0.06 14.18 -16.44  0.07 13.15 -5.57 

M11 HadGEM2-ES  RACMO22E  0.08 16.12 8.21  0.09 15.21 21.77 

M12 HadGEM2-ES  RCA4  0.06 15.01 -20.95  0.09 13.17 -20.17 

SE    0.14 9 11.75 -2.64  0.16 10.3 8.96 

SME    0.14 12.05 -2.42  0.16 10.57 8.22 

 

As seen in Tables 5.3 and 5.4, SE and SME provide a significant improvement in the 

efficiency of the simulations to replicate observed data both for training and test data 

sets. The ensembled daily time series of temperature and precipitation achieve the 

best Corr, RMSE, and PBIAS values for training compared with the individual 

models. For test data sets, ensembled outputs again provide the best Corr, RMSE, 

and PBIAS values for temperature. For precipitation, ensembled outputs of test data 

sets provide the best Corr and RMSE values. Although the PBIAS value for the test 

data set of precipitation is not the best among the models, it is still at a satisfactory 

level.  

As a result, ensembling of daily temperature and precipitation data with SE and SME 

indicates satisfactory performance and therefore is used for the generation of 
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meteorological inputs of the hydrological model (Section 5.3.2) in flow simulations. 

The efficiency of the continuous daily (ensembled and individual RCMs’) time series 

is also verified by a comparison with the observed time series for monthly and annual 

time steps. The SPI values calculated for the monthly and annual temperature and 

precipitation time series are shown in Tables 5.5 and 5.6, respectively. As seen in 

Tables 5.5 and 5.6, the continuous time series generated with the SE model and SME 

provide satisfactory results for monthly and annual time steps and generated better 

values for RMSE and PBIAS compared to the individual RCMs.  

 

Table 5.5 The SPI values for the continuous temperature time series in comparison 

with the observed time series for the period between 1971 and 2003 for the Akseki 

MS 

 Climate Model Monthly mean time series Annual mean time series 

ID GCM RCM Corr RMSE PBIAS Corr RMSE PBIAS 

    (°C) (%)  (°C) (%) 

M1 CNRM-CM5  CCLM4-8-17 0.95 6.51 44.61 0.22 6.13 44.46 

M2 CNRM-CM5  ALADIN53 0.97 5.97 41.66 0.18 5.69 41.21 

M3 CNRM-CM5  RCA4 0.95 6.02 40.97 0.19 5.65 40.77 

M4 EC-EARTH  CCLM4-8-17 0.95 6.33 43.29 0.22 5.98 43.26 

M5 EC-EARTH  RACMO22E 0.96 8.13 57.47 0.28 7.83 57.05 

M6 EC-EARTH  HIRHAM5 0.97 5.11 34.27 0.60 4.74 34.46 

M7 EC-EARTH  RCA4 0.95 6.38 43.84 0.15 6.06 43.80 

M8 CM5A-MR  WRF331F 0.96 4.07 25.65 0.28 3.57 25.49 

M9 CM5A-MR  RCA4 0.96 5.62 37.98 0.16 5.23 37.64 

M10 HadGEM2-ES  CCLM4-8-17 0.96 5.16 34.13 0.32 4.77 34.36 

M11 HadGEM2-ES  RACMO22E 0.95 7.06 48.05 0.32 6.66 48.32 

M12 HadGEM2-ES  RCA4 0.96 5.07 33.48 0.25 4.70 33.80 

SE   0.98 9 1.61 0.00 0.54 0.69 0.35 

SME   0.98 1.66 0.00 0.47 0.71 0.39 
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Table 5.6 The SPI values for the continuous precipitation time series in comparison 

with the observed time series for the period between 1971 and 2003 for the Akseki 

MS 

 Climate Model Monthly mean time series Annual mean time series 

ID GCM RCM Corr RMSE PBIAS Corr RMSE PBIAS 

    (mm) (%)  (mm) (%) 

M1 CNRM-CM5  CCLM4-8-17 0.43 3.67 12.66 0.33 0.95 11.76 

M2 CNRM-CM5  ALADIN53 0.32 4.6 -28.3 0.27 1.56 -31.05 

M3 CNRM-CM5  RCA4 0.51 3.73 27.09 0.38 1.3 26.83 

M4 EC-EARTH  CCLM4-8-17 0.39 3.89 34.28 -0.14 1.6 33.55 

M5 EC-EARTH  RACMO22E 0.47 3.84 29.06 -0.25 1.59 27.52 

M6 EC-EARTH  HIRHAM5 0.5 4.16 6.04 0.25 1.01 6.54 

M7 EC-EARTH  RCA4 0.44 3.92 37.58 -0.19 1.74 36.9 

M8 CM5A-MR  WRF331F 0.37 4.16 -0.22 -0.09 1.05 -1.34 

M9 CM5A-MR  RCA4 0.44 4.06 38.45 -0.12 1.74 39.22 

M10 HadGEM2-ES  CCLM4-8-17 0.52 3.54 14.01 0.07 1.17 14.64 

M11 HadGEM2-ES  RACMO22E 0.57 4.24 -11.53 0.26 1.26 -11.24 

M12 HadGEM2-ES  RCA4 0.51 3.92 20.62 0.34 1.23 20.24 

SE   0.659 3.35 -0.15 0.34 0.72 -1.16 

SME   0.65 2.97 -0.28 0.26 0.74 -0.99 

 

Potential future changes in temperature and precipitation at Akseki MS  

For the analysis of potential short-, medium-, and long-term future impacts, climate 

model simulations for the future (2006-2099) period under RCP4.5 and 8.5 scenarios 

of temperature and precipitation are compared with the historic (1971-2005) 

simulations. The annual mean temperature at the Akseki MS simulated for the 

historic period and for the future period under RCP4.5 and 8.5 scenarios are shown 

in Figures 5.10 and 5.11, respectively. The annual total precipitation time series 

calculated from the daily time series of 12 individual RCMs in comparison with the 

ensembled time series for the Akseki MS are illustrated in Figures 5.12 and 5.13 for 

RCP4.5 and 8.5 scenarios, respectively.  

As seen in Figures 5.10 to 5.13, SE and SME provide a better representation of the 

mean climatology of temperature and precipitation for the historic period than the 

individual models and the average of the 12 models, which is seen to underestimate 
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the mean precipitation and temperature climatology for the Akseki MS. SE and SME 

are seen to provide bias adjustment, particularly for mean temperature. However, 

interannual variability in the observed precipitation is underrepresented by the 

ensembled time series. Hence, in this study, both of the ensembling approaches, 

based on the weighted averaging of the modeled anomalies, are seen to improve the 

correlation and bias indicators but at the same time cause the ensembled time series 

to be mostly concentrated around the mean climatology. This result might be 

interpreted as a limitation of the linear methodologies in general, particularly in the 

representation of parameters such as precipitation that are of non-linear nature.  

 

Figure 5.10. Historic and future (RCP4.5 scenario) temperature simulations by 12 

CORDEX RCMs compared with ensembled (SE and SME) outputs for the Akseki 

MS 
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Figure 5.11. Historic and future (RCP8.5 scenario) temperature simulations by 12 

CORDEX RCMs compared with ensembled (SE and SME) outputs for the Akseki 

MS 

 

Figure 5.12. Historic and future (RCP4.5 scenario) precipitation simulations by 12 

CORDEX RCMs compared with ensembled (SE and SME) outputs for the Akseki 

MS 
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Figure 5.13. Historic and future (RCP8.5 scenario) precipitation simulations by 12 

CORDEX RCMs compared with ensembled (SE and SME) outputs for the Akseki 

MS 

 

The change in the mean annual temperature (°C) and percent change in annual mean 

precipitation (%) at the Akseki MS based on the individual RCMs’ and ensembled 

projections under RCP4.5 and 8.5 scenarios are given in Tables 5.7 and 5.8, 

respectively. 
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Table 5.7 Change in annual mean temperature (°C) projected for the Akseki MS 

CORDEX RCM 
Short term Medium term Long term 

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5 

CNRM-CM5_ALADIN53 0.88 1.18 1.39 1.72 2.27 3.69 

CNRM-CM5_CCLM4-8-17 1.02 1.07 1.14 1.42 1.99 3.32 

CNRM-CM5_RCA4 0.83 1.25 1.39 1.45 2.16 3.59 

EC-EARTH_CCLM4-8-17 0.89 1.19 1.33 1.77 2.09 3.44 

EC-EARTH_HIRHAM5 1.08 1.29 1.33 1.87 2.11 3.48 

EC-EARTH_RACMO22E 1.26 1.82 1.72 2.34 2.69 4.64 

EC-EARTH_RCA4 1.13 1.35 1.61 2.08 2.44 3.97 

CM5A-MR_RCA4 1.32 1.72 2.28 2.63 3.24 5.78 

CM5A-MR_WRF331F 1.05 1.43 1.80 2.05 2.71 4.66 

HadGEM2-ES_CCLM4-8-17 1.48 1.69 2.04 2.47 3.03 4.49 

HadGEM2-ES_RACMO22E 2.16 2.41 2.99 3.74 4.22 6.15 

HadGEM2-ES_RCA4 1.69 1.82 2.37 2.77 3.32 4.98 

CORDEX Mean  1.23 1.52 1.78 2.19 2.69 4.35 

SE  1.1 1.4 1.6 2.1 2.5 4.2 

SME  1.2 1.4 1.7 2.1 2.6 4.3 

 

Accordingly, for the Akseki MS, all models agree on a gradual increase in the annual 

mean temperature up to 2100 for both scenarios. 12 CORDEX RCMs project a long-

term increase between 2 and 4°C for RCP4.5 and 3 and 6°C for the RCP8.5 scenario. 

Similarly SE and SME project a gradual increase up to 2100 that is expected to reach 

around 2.5°C for the RCP4.5 scenario and exceed 4°C for the RCP8.5 scenario. 

Regarding the projections for total annual precipitation at the Akseki MS, all of the 

12 RCMs and the ensembled outputs indicate a decrease in the long-term future 

under both RCP4.5 and 8.5 scenarios. Under the RCP4.5 scenario the projections of 

12 RCMs on the percent decrease in precipitation at the Akseki MS range between 

1% and 30%. For the RCP8.5 scenario the projections for the percent decrease in 

precipitation range between 9% and 47%. Ensembled projections by SE and SME 

indicate a 3% and 8% decrease for RCP4.5, respectively. For RCP8.5 a decrease of 

around 5% and 12% is projected for the Akseki MS by SE and SME.  
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Table 5.8 Percent change in annual mean precipitation (%) projected for the Akseki 

MS 

CORDEX RCM 
Short term Medium term Long term 

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5 

CNRM-CM5_ALADIN53 -1.17 -0.57 -2.22 -4.03 -4.12 -8.56 

CNRM-CM5_CCLM4-8-17 -5.61 2.05 -1.51 -5.58 -1.00 -11.18 

CNRM-CM5_RCA4 -2.93 14.60 -3.54 2.03 -9.61 -17.69 

EC-EARTH_CCLM4-8-17 -0.06 -1.08 0.48 -5.81 -6.56 -17.81 

EC-EARTH_HIRHAM5 1.71 -7.95 -15.81 -12.49 -13.82 -21.52 

EC-EARTH_RACMO22E -17.30 0.69 11.66 -3.05 -1.03 -9.22 

EC-EARTH_RCA4 9.48 6.81 0.74 -5.52 -4.49 -15.54 

CM5A-MR_RCA4 2.71 -6.65 -28.29 -13.71 -29.62 -46.56 

CM5A-MR_WRF331F 9.03 -2.20 -11.00 -7.23 -16.96 -28.86 

HadGEM2-ES_CCLM4-8-17 5.90 -1.50 -0.81 -2.60 -16.79 -19.12 

HadGEM2-ES_RACMO22E -3.72 3.63 5.19 -1.90 -14.39 -16.19 

HadGEM2-ES_RCA4 -10.20 -3.56 -6.45 -11.90 -22.62 -24.29 

CORDEX Mean  -1.01 0.35 -4.30 -5.98 -11.75 -19.71 

SE  -0.3 0.6 -1.0 -1.2 -2.9 -4.7 

SME  -0.5 0.2 -2.5 -3.7 -7.8 -12.3 

 

The analysis of climate projections for the Taurus mountains by Bravo et al. (2008) 

indicated 2.3°C and 3.2°C increases in the mean temperature for 2055s and 2085s, 

respectively, under the SRES B1 (comparable with RCP4.5) scenario and 3.2°C and 

5.3°C increases for 2055s and 2085s, respectively, under the SRES A1Fi 

(comparable with RCP8.5) scenario. Additionally, for the mean precipitation, they 

found the highest decrease in precipitation for the Taurus mountains compared to the 

other Mediterranean mountains (Bravo et al., 2008). Their findings showed 4.1% 

(2055s) and 9.4% (2085s) decreases under the SRES B1 and decreases of 8.8% 

(2055s) and 22.4% (2085s) for the SRES A1FI scenario. Although their findings are 

not directly comparable with the results in this study due to the difference in the 

future time frames (i.e., 2055s: 2040-2069, 2085s: 2070-2099 (Bravo et al., 2008) 

vs. medium-term: 2031-2050, long-term: 2051-2099 in this study) and area of 
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analysis (Akseki MS in western Taurus vs. entire Taurus Mountain ranges) the 

results are seen to be in general agreement, particularly for temperature, and both for 

the ensemble mean and SE and SME projections. For precipitation, the CORDEX 

ensemble mean projection is seen to be very similar to the results by Bravo et al. 

(2008). But the SE and SME projections are slightly lower for Akseki MS compared 

to the findings by Bravo et al. (2008). 

5.2 Hydrological Modeling 

Following the Climate Analysis for the CASA (See Figure 4.1, Component 1), 

Hydrological Modeling (Component 2 in Figure 4.1) is conducted. The Hydrological 

Modeling is undertaken for the selected case study area comprising the Oymapınar 

basin, which is named as Hydrological Modeling Study Area or HMSA in this thesis. 

The hydrological model of the Oymapınar basin is then used in Streamflow Impact 

Analysis (Component 3 in Figure 4.1).  

The initial stage of Hydrological Modeling is the development of mathematical 

rainfall-runoff models of the basin by the use of HEC-HMS, and HBV-light. 

Following that, the simulation efficiencies of the calibrated hydrological models in  

HEC-HMS, and HBV-light, which use different conceptual modeling approaches, 

are compared. The hydrological model of the basin that has better representation 

performances for the basin hydrology is selected to be further used in Component 3 

of the study. 

Details of the hydrological model development and calibration, results of the 

verification of model efficiencies, and evaluations regarding encountered advantages 

and disadvantages of the use of modeling softwares in the study are detailed in the 

following subsections. 
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5.2.1 Surface Flow Analysis of Oymapınar Basin 

Within the scope of the study, a hydrological model to enable simulation of the 

inflow into the Oymapınar basin is required regarding the objective of the study. The 

basin topography based on EU-DEM v1.1 (EEA, 2016) is analyzed by the use of 

hydrologic modeling software WMS to delineate drainage lines, stream network, and 

boundaries of the Oymapınar basin. The subbasins of the Oymapınar basin are also 

formed based on the location of the streamgages in the basin that provides long-term 

historical streamflow data (See Figure 5.14). There are no streamgages located at the 

inlet of the reservoir that provides historical daily inflow data for the reservoir. The 

streamgages located on the Manavgat River mainstram are Şahapköprü (streamgage 

ID: E09A20), Sinanhoca (streamgage ID: E09A012), and Şelale (streamgage ID: 

E09A018) sreamgages (See Figure 5.14). 

 

 

Figure 5.14. Oymapınar basin boundaries and its subbasins 
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As seen in Figure 5.15, analysis of the observed streamflow in Manavgat River at 

streamgages operated by DSI for the period between 1987-2015 indicates that the 

mean annual total flow at the Sinanhoca streamgage upstream of Oymapınar HEPP 

is 2039 hm3/yr. Downstream (downstream of Oymapınar and Manavgat HEPPs), at 

Şelale streamgage, total annual streamflow of Manavgat River reaches 3951 hm3/yr. 

Downstream on Manavgat mainstream at Şelale streamgage, the highest monthly 

flow is observed in January whereas, upstream of Oymapınar HEPP, the peak 

monthly flow is observed in April. The peak flow in April at higher altitudes is 

interpreted to be due to the spring meltwater contribution both as surface runoff and 

discharge from karstic springs fed by higher altitudes of the basin. 

Based on the long-term mean monthly flows, the highest monthly flow at the 

Sinanhoca streamgage is 295 hm3/mo in April. On the other hand, downstream at 

Şelale streamgage, at 4 mASL altitude, annual peak flow is created by the winter 

precipitation received as rainfall and it reaches 513 hm3/mo in January. After January 

the streamflow at Şelale streamgage gradually decreases. 

 

 

Figure 5.15. Long-term mean monthly and annual streamflows in Manavgat River 

for the period between 1987 and 2015   
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The Oymapınar inflow data indicated in Figure 5.15 is given for comparison 

purposes and is generated after the completion of the basin and river flow analysis 

of the Oymapınar basin, as detailed below. As mentioned above, no historical daily 

monitoring is available for the Oymapınar reservoir inflows. Therefore, nearest 

streamflow data are used for the determination of the Oymapınar inflows. For that 

purpose, the streamflow monitoring data from the flow gages on the Manavgat 

mainstream and its tributaries located within the Oymapınar basin are analyzed to 

delineate surface flow relationships within the basin. 

Şahapköprü (streamgage ID: E09A020) and Sinanhoca (streamgage ID: E09A012) 

streamgages located upstream of Oymapınar reservoir on the Manavgat mainstream 

provide long-term continuous daily streamflow observation data. Total drainage 

areas of Şahapköprü and Sinanhoca streamgages are 680 km2 and 1680 km2, 

respectively. The cumulative drainage area of the Oymapınar basin feeding the 

Oymapınar reservoir and HEPP inflow is 1890 km2. Relevant surface areas of 

subbasins and the relevant basin area ratios of each are provided in Tables 5.9 

and 5.10.  

Table 5.9 Surface areas of Oymapınar subbasins 

Subbasin Surface area (km2) 
Cumulative surface area for the total basin 

(km2) 

Şahapköprü 677 677 

Sinanhoca 1005 1682 

Oymapınar 204 1886 

 

Table 5.10 Area ratios of total drainage areas discharging through streamgages 

 Streamgage Şahapköprü Sinanhoca Oymapınar 

Streamgage Total Drainage Area (km2) 677 1682 1886 

Şahapköprü 677 1.00 2.48 2.78 

Sinanhoca 1682 0.40 1.00 1.12 

Oymapınar 1886 0.36 0.89 1.00 
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Accordingly, the basin area ratio of the Sinanhoca subbasin to the Şahapköprü 

subbasin is 2.5. Additionally, the basin area ratio of the Oymapınar basin to 

Şahapköprü and Sinanhoca subbasins are 2.8 and 1.1, respectively. Streamflow 

monitoring from Şahapköprü and Sinanhoca streamgages are analyzed to determine 

the relationship with the basin area ratio. Daily streamflow time series from both 

gages are compared for the period between 1992 and 2012. The hydrographs for both 

streamgages for 21 years period are shown in Figure 5.16. The comparison of the 

hydrographs indicates the same high and low flow periods and the same peak flow 

times for both streamgages. The Pearson’s correlation coefficient (Corr) calculated 

for these flow time series is 0.92. The regression analysis of the flow at two 

streamgages is illustrated in Figure 5.17.  

Accordingly, drainage basins for Sinanhoca and Şahapköprü streamgages are 

concluded to have significantly similar rainfall-runoff relationships. The drainage 

area ratio (DAR) method (Emerson et al., 2005; Asquith et al., 2006; Hortness, 2006; 

Archfield and Vogel, 2010; Zelelew and Alfredsen, 2014; Ergen and Kentel, 2016) 

is tested for Sinanhoca streamgage basin. For that purpose, the flow rate at Sinanhoca 

streamgage is calculated by the use of the DAR method on the streamflow at 

Şahapköprü gage. The calculated streamflow at Sinanhoca gage is compared with 

the observed flows and the Corr value is calculated. The Corr value for calculated 

and observed daily streamflow at Sinanhoca gage is 0.92. The regression analysis of 

calculated and observed time series of streamflow is shown in Figure 5.18. 
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Figure 5.16. Comparison of hydrographs of Sinanhoca and Şahapköprü streamgages 

(1992 to 2012) 

 

 

Figure 5.17. Linear Regression analysis of flow rates at Şahapköprü and Sinanhoca 

streamgages 
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Figure 5.18. Comparison of calculated (with DAR method) and observed 

streamflows at Sinanhoca streamgage 

 

The flow analysis is also conducted to delineate the relationship between Oymapınar 

inflow and streamflow at Sinanhoca streamgage. Although there is no streamflow 

monitoring for the inflow into the Oymapınar reservoir, the daily reservoir inflow is 

estimated by DSI. The time series for reservoir inflow estimates provided by DSI 

covers the period between 2007 and 2017. For the analysis, the estimated inflow data 

is compared with the streamflow observed at Sinanhoca streamgage for 11 years 

period. The relevant daily hydrographs formed by the use of both time series are 

given in Figure 5.19.  
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Figure 5.19. Comparison of Oymapınar Inflow estimates with Sinanhoca streamgage 

hydrograph 

 

The superimposition of both hydrographs shows a similar seasonality for the 

streamflows, and high and low flow periods are seen to generally overlap. Although 

there are certain periods during which the estimated reservoir inflow significantly 
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streamflow based on monthly total flows for 11 years period is 0.98, verifying a 
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inflow with Sinanhoca streamflow in comparison with the drainage area ratio is 

shown in Figure 5.20.  

 

 

Figure 5.20. Regression analysis of Oymapınar inflow with streamflow observed at 

Sinanhoca streamgage 

 

The regression analysis of 11-year period monthly total flows indicates 0.96 R2. The 

regression function generated by the analysis with a high coefficient of determination 

verifies the linear relationship of the streamflow connected with the relative basin 

area ratios as well as the contribution of the direct groundwater discharge into the 

Oymapınar reservoir on top of the surface flow from the Manavgat River. 

Figure 5.21 gives a comparison of the calculated Oymapınar inflow generated using 

the regression function with the Oymapınar inflow estimates by DSI. The calculated 

Oymapınar inflow is obtained by the use of the regression function with observed 

streamflow at Sinanhoca streamgage. The comparison in Figure 5.21 shows that 

regression model used for the conversion of Sinanhoca streamflow into the 
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Oymapınar inflow data provides satisfactory results. Consequently, the regression 

function generated through this analysis is used for the conversion of the simulated 

flow rates from the hydrological model into Oymapınar Inflows. 

 

 

Figure 5.21. Comparison of Oymapınar Inflow generated using regression function 

with the DSI’s estimated inflows and observed streamflow at the Sinanhoca 

streamgage 

 

5.2.2 Hydrological Model Development, Calibration and Validation in 

HBV-light 

The hydrological model of the Oymapınar basin is developed in HBV-light 

according to the methodology detailed in Chapter 4. Confined parameters in the 

basin model that are identified based on topography and surface properties of the 

basin are assumed to be constant in the HBV-light model throughout the simulation 

duration. Free parameters that are used in the semi-empirical functions defining 

hydrological processes in the basin are optimized during the calibration of the model. 

In order to obtain a hydrological model with satisfactory simulation performance, 
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the model is calibrated in HBV-light by the use of the automated optimization tool. 

Depending on the availability of continuous daily time series of observed 

precipitation, temperature, and flow rate, the hydrological model is calibrated for the 

period between the 2013 and 2016 water years. After the optimization of the model 

parameters to obtain the best possible model of the basin in HBV-light, the model’s 

skill to represent the basin hydrology is tested by a validation run using the time 

series of observed data for the 2017 water year. For the calibration and validation of 

the hydrological model, SPI’s described in Chapter 4 are used. 

As detailed in Chapter 4, the automated optimization tool in HBV-light uses Genetic 

Algorithm and Powel optimization module that is based on a stochastic Genetic 

Algorithm approach. The GAP optimization tool runs an iterative process to obtain 

the global optimum solution of the objective function of the model that provides the 

best fit of the simulated flow to the observed flow. 

Before the use of the GAP tool for calibration of the model, the parameters that 

define the iterative optimization process in the Genetic Algorithm are identified by 

trial runs. The determination of GAP parameters is aimed to adjust the optimization 

tool for the model process in order to avoid overfitting that diminishes the simulation 

efficiency but to allow sufficient iterations for the optimization of the parameters. 

The parameters of the GAP module under Population, Reproduction, and Model 

settings are selected as follows:  

 To define the Number of Parameters (NP) under Population Settings 13 runs 

are conducted by using values within the range of 50 -1000 (the maximum 

number of parameters in parameter set allowed in the HBV-light is 1000) to 

observe the change in the 𝑁𝑆𝐸, 𝐾𝐺𝐸 and 𝑉𝐸. It is observed that NP=650 

value provides the best values for the SPI’s in general, whereas for values 

less than 650 uncertainty creates a natural fluctuation in SPI’s (Figure 5.22). 

Hence, the NP value is taken as 650.   



 

 

133 

 The Number of Model Runs and the Number of Runs for Local Optimization 

(Powell) under the Model Settings define the number of iterative cycles to be 

used in the optimization process. GAP tool uses the GA algorithm to search 

for the global optimum in an iterative process defined by the Number of 

Model Runs parameter and then uses the Powell method for local 

optimization at the defined global optimum point to find the best solution. To 

define the most efficient numbers, the model is run for values ranging 

between 5000 and 22000, and between 1000 and 4400 for the number of 

cycles of the GA and Powell algorithm, respectively. The different values for 

these parameters are seen to create no significant change in SPI values 

obtained from the model (Figure 5.22). 

 Other parameters related to the details of crossing-over calculations in GA 

under the Reproduction Settings such as the probability of mutations and 

similar are taken as the default values defined in the GAP optimization tool.  

 

As a result, the GAP module is used with 650 parameters in each parameter set for 

every generation to be run for 5000 cycles of GA to reach the global optimum and 

1000 cycles for local optimization with the Powell Algorithm. Furthermore, due to 

the stochastic nature of the GA approach, the calibration process with the GAP 

module is repeated 100 times to analyze for the involved uncertainty. For the 

automated calibration in the optimization tool, the main goodness of fit measure to 

define the fitness of the solution for the objective function is selected as 𝑁𝑆𝐸. 
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Figure 5.22. The change in SPI values for different “Number of Parameters” and 

“Number of Model Runs” parameters in GAP tool 

 

The results from 100 calibration runs of the model for the period between 2013-2016 

water years with the GAP optimization tool in HBV-light are analyzed to determine 

potential ranges of model efficiency. The statistical analysis of the optimum 

parameter sets generated in 100 calibration runs is given in Table 5.11. As it is seen 

in Table 5.11, even the minimum values of the SPI’s achieved at the end of 100 

calibration runs indicate satisfactory model performance. Furthermore, the small 

range of fluctuations in 𝑁𝑆𝐸 (between 0.79 and 0.81) due to the uncertainty of GAP 
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optimization indicates that the uncertainty in the model is insignificant. Similarly, 

the ranges of uncertainty for other SPI’s are also at acceptable levels. The SPI values 

given for the 𝑁𝑆𝐸-Maximum in Table 5.11 show the SPI values that are obtained by 

the calibration run that achieved the best 𝑁𝑆𝐸 value among all 100 calibration runs.  

 

Table 5.11 Fluctuations in SPI values for HBV-light model due to uncertainties in 

calibration (for 100 calibration runs) 

 𝑵𝑺𝑬 𝑹𝟐 𝑽𝑬 𝑲𝑮𝑬 

Minimum 0.79 0.80 0.80 0.75 

Mean 0.80 0.82 0.87 0.80 

Median 0.80 0.81 0.87 0.81 

Maximum 0.81 0.83 0.92 0.83 

𝑵𝑺𝑬-Maximum 0.81 0.82 0.91 0.83 

 

 

Three alternatives of the calibrated hydrological model of the basin are formed based 

on the results of 100 calibration runs. These are Model 1, using the parameter values 

that generated the highest NSE in 100 calibration runs, Model 2, using the mean of 

the parameter values obtained from 100 calibration runs, and Model 3, using the 

median of the parameter values obtained from 100 calibration runs. The SPI values 

of three HBV-light model alternatives are compared for calibration (2013-2016) and 

validation (2017) periods. The results are given in Table 5.12. Accordingly, Model 

3, using the median parameter values from 100 calibration runs, is selected as the 

final calibrated HBV-light model.  
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Table 5.12 Comparison of simulation efficiencies of Model 1, Model 2, and Model 3 

 SPI 

Model 1 Model 2 Model 3 

Calibration  

(2013-2016) 

Validation 

(2017) 

Calibration  

(2013-2016) 

Validation 

(2017) 

Calibration  

(2013-2016) 

Validation 

(2017) 

𝒓 0.90 0.88 0.90 0.89 0.90 0.90 

𝑵𝑺𝑬 0.81 0.67 0.79 0.70 0.80 0.70 

𝑹𝟐 0.82 0.78 0.81 0.80 0.81 0.81 

𝑹𝑴𝑺𝑬 1.28 1.21 1.35 1.16 1.32 1.16 

𝑲𝑮𝑬 0.83 0.64 0.79 0.67 0.81 0.65 

𝑽𝑬 0.91 0.74 0.85 0.81 0.87 0.76 

 

 

The comparison of the SPI values from Model 3 with the threshold values for the 

classification of simulation efficiency of the hydrological model is given in Table 

5.13. The comparison of simulated and observed hydrographs for calibration and 

validation periods is illustrated in Figure 5.23.  

 

Table 5.13 Simulation performance classification of calibrated HBV-light model 

 Performance classification Model results 

SPI Unit Satisfactory Good 
Very 

good 

Calibration  

(2013-2016) 

Validation 

(2017) 

𝑵𝑺𝑬 - 0.5-0.7 0.7-0.8 0.8-1 0.80 0.70 

𝑹𝟐 - 0.6-0.75 0.75-085 0.85-1 0.81 0.81 

𝑹𝑴𝑺𝑬 mm - - - 1.32 1.16 

𝑹𝑴𝑺𝑬/𝝈𝒐𝒃𝒔 - 0.6-0.7 0.5-0.6 0-0.5 0.45 0.60 

𝑽𝑬 - 0.85-0.9 0.9-0.95 0.95-1 0.87 0.77 

𝑲𝑮𝑬 - 0.5-0.75 0.75-1 0.81 0.65 

𝒓 -    0.90 0.90 

𝜶 -    0.89 1.24 

𝜷 -    0.87 1.23 
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Figure 5.23. Comparison of modeled (HBV-light) and observed hydrographs of 

Sinanhoca streamgage for calibration and validation periods 

5.2.3 Hydrological Model Development, Calibration and Validation in 

HEC-HMS 

The hydrological model of the Oymapınar basin, delineated in WMS, is developed 

in HEC-HMS according to the surface and vegetation cover properties by following 

the methodology detailed in Chapter 3. Following the development of the model, 

basin parameters are optimized through calibration of the model based on the 

observed streamflow at Sinanhoca streamgage for the duration between the 2013 and 

2016 water years. The efficiency of the calibrated model to represent basin 

hydrology is tested with validation for observed flow rates in the 2017 water year. 

For the optimization of the model in the automated calibration tool of HEC-HMS, 
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𝑁𝑆𝐸 is selected as the main SPI. Furthermore, manual calibration is also used to 

improve the simulated hydrograph to have a better fit with the observed hydrograph 

with respect to hydrological components (e.g., baseflow and recession, losses due to 

surface depression and canopy, etc.). The comparison of the simulated hydrograph 

from the calibrated model with the observed hydrograph of the Sinanhoca 

streamgage is shown in Figure 5.24.  

 

 

Figure 5.24. Comparison of modeled (HEC-HMS) and observed hydrographs of 

Sinanhoca streamgage for the calibration and validation periods 

 

As seen in Figure 5.24, the calibrated model has satisfactory performance and 

simulates the Sinanhoca hydrograph with a good fit with the observed. For the 

validation period, the performance of the model is seen to decrease. However, the 
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calibrated model still achieves a satisfactory representation of the peak flows during 

spring and the decrease in the surface flow at the start of the dry period.  

𝑁𝑆𝐸 that is used for the automated calibration of the model is known to give higher 

weight to high flows compared to low flows. Hence manual calibration is particularly 

used to improve the hydrologic simulation to have a better representation of the low 

flow periods and a better fit with the flow recession in the observed hydrograph 

which creates a relative decrease in the final 𝑁𝑆𝐸 value obtained from the calibrated 

model. Hence, other SPI’s are also taken into consideration during the calibration of 

the model in HEC-HMS. Regarding the intended use of basin hydrograph, 

assessment of the streamflow during the dry season and low flow periods is 

important. Therefore, the model is calibrated with a trade-off of the representation 

of peak flows against a better representation of the base flow and low flow periods. 

The SPI values calculated for calibration and validation periods and the comparison 

with the thresholds for classification of modeling efficiency are shown in Table 5.14. 

The SPI values of the HEC-HMS model verify good/very good simulation 

performance both for calibration and validation periods.   

 

Table 5.14 Simulation performance classification of calibrated HEC-HMS model 

 Performance classification Model results 

SPI Unit Satisfactory Good Very good 
Calibration  

(2013-2016) 

Validation 

(2017) 

𝑵𝑺𝑬 - 0.5-0.7 0.7-0.8 0.8-1 0.78 0.74 

𝑹𝟐 - 0.6-0.75 0.75-085 0.85-1 0.79 0.72 

𝑹𝑴𝑺𝑬 mm - - - 26.87 20.87 

𝑹𝑴𝑺𝑬/𝝈𝒐𝒃𝒔 - 0.6-0.7 0.5-0.6 0-0.5 0.47 0.56 

𝑽𝑬 - 0.85-0.9 0.9-0.95 0.95-1 0.90 0.93 

𝑲𝑮𝑬 - 0.5-0.75 0.75-1 0.84 0.83 

𝒓 -    0.89 0.85 

𝜶 -    0.93 1.02 

𝜷 -    0.90 0.93 
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5.2.4 Comparison of Model Efficiencies and Model Selection 

In order to compare the results from hydrological models in HBV-light and HEC-

HMS, the streamflow simulated in HBV-light for the unit basin area is converted to 

the total flow from the model basin. The calculated SPI values for the calibrated 

hydrological models and regarding classifications of simulation performances for 

calibration and validation periods are compared in Table 5.15. Furthermore, 

simulated hydrographs from both models are compared with the observed 

hydrograph of Sinanhoca streamgage for calibration and validation periods in 

Figure 5.25.  

 

Table 5.15 Comparison of simulation performances of hydrological models in HEC-

HMS and HBV-light  

SPI 

Performance classification  HBV-light model HEC-HMS model 

Satisfact

ory 
Good 

Very 

good 

 Calibration 

(2013-2016) 

Validation 

(2017) 

Calibration 

(2013-2016) 

Validation 

(2017) 

𝑵𝑺𝑬 0.5-0.7 0.7-0.8 0.8-1  0.80 0.70 0.78 0.74 

𝑹𝟐 0.6-0.75 0.75-0.85 0.85-1  0.81 0.81 0.79 0.72 

𝑹𝑴𝑺𝑬/𝝈𝒐𝒃𝒔 0.6-0.7 0.5-0.6 0-0.5  0.45 0.60 0.47 0.56 

𝑽𝑬 0.85-0.9 0.9-0.95 0.95-1  0.87 0.77 0.90 0.93 

𝑲𝑮𝑬 0.5-0.75 0.75-1  0.81 0.65 0.84 0.83 

𝒓     0.90 0.90 0.89 0.85 

𝜶     0.89 1.24 0.93 1.02 

𝜷     0.87 1.23 0.90 0.93 

Color coding for simulation performance classes: 

Satisfactory Good Very good 

   
 

 

 

Accordingly, for calibration and validation periods, the HBV-light model achieves 

simulation performances between satisfactory and very good for most of the SPIs 

except for Volume Error (𝑉𝐸) indicating unsatisfactory simulation performance for 
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the validation period. For the HEC-HMS model, SPIs indicate simulation 

performances between satisfactory and very good for both calibration and validation 

periods. Regarding the 𝑉𝐸, the HEC-HMS model shows even better simulation 

performance for the validation period. On the other hand, for the HEC-HMS model, 

the values of other SPIs are seen to drop slightly for the validation period, although 

the simulation performances of the model still remain between satisfactory and very 

good. Hence, with respect to the SPIs, the HEC-HMS model shows relatively better 

simulation skills compared to the HBV-light model.  

 

 

Figure 5.25. Comparison of modeled hydrographs in HEC-HMS and HBV-light with 

the observed hydrograph 

 

Examination of the simulated hydrographs in comparison with the observed 

hydrograph shows that both models tend to underestimate the peak flows, in general. 
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For the early periods of simulation, both models are observed to generate very similar 

results. However, at later stages, HEC-HMS is seen to provide a slightly better 

simulation for the recession curve in the hydrograph. This is considered to result in 

relatively better SPI values of the HEC-HMS model for the validation period 

compared to the HBV-light model.  

Respecting the model development and calibration in HEC-HMS and HBV-light 

software, HBV-light can be designated as less data-intensive compared to the HEC-

HMS. HBV-light enables the development of the model with low knowledge of basin 

properties and parameter values assigned to represent the basin hydrology because 

the automated optimization module enables searching for the global optimum 

regardless of the initial values assigned to the calibrated parameters (i.e., Free 

Parameters, Section 4.2.2). However, the automated calibration tool of HEC-HMS 

works on the local optimum which is considerably influenced by the initial values 

assigned to the basin parameters related to the hydrological properties.   

As a result, in HBV-light the modules used for the basin model development and 

calibration can be classified as more user-friendly. Hence, HBV-light requires less 

time for model development and calibration compared to HEC-HMS. Therefore, 

considering similar performance efficiencies achieved in both models, it is to say 

that, HBV-light has advantages over HEC-HMS due to its ease of use, particularly 

for basins where not much data and background information are available and can 

be preferred for certain study objectives over HEC-HMS.  

Nevertheless, the ease-of-use of HBV-light created by its relatively simple model 

algorithm compared to HEC-HMS is also interpreted to cause certain weaknesses of 

HBV-light. As detailed in Chapter 4, unlike HEC-HMS, HBV-light uses certain 

predefined physical models for the mathematical expression of hydrological 

processes which reduces the flexibility of the model to simulate the basin. HEC-

HMS enables selection of the adequate physical approaches to simulate the elements 

of hydrological and meteorologic conditions of the basin. Furthermore, owing to its 

stochastic optimization tool calibration in the HBV-light model is scarcely 
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dependent on the initial parameters related to the basin hydrology which reduces the 

control of the modeler over the basin hydrology defined in the model, particularly 

for users less proficient in HBV-light. Consequently, concerning the representation 

of the hydrological processes in the Oymapınar basin, the model developed in HEC-

HMS is considered to be more representative and selected to be used for further 

analysis of the climate change impact on streamflow detailed in consecutive sections. 

5.3 Streamflow Impact Assessment 

The study aims to assess impacts on the streamflow and to obtain an indication of 

the likely impact on the water supply for hydropower in the Oymapınar basin. The 

hydrological model calibrated in Component 2 (See Figure 4.1) is used for the 

Climate Change Streamflow Impact Assessment (Component 3) in the study and 

Component 3 focuses on the research of likely impacts on Manavgat River flow 

feeding the Oymapınar reservoir.  

Historical and future runs of the hydrological model with the temperature and 

precipitation time series from 12 CORDEX RCMs (See Table 4.7 in Section 4.3.2) 

are used for the simulation of the streamflow in the basin. The comparison of 

streamflow simulations from historical and future periods is used to calculate 

potential changes in streamflow in Manavgat River at the outlet of the model basin 

(i.e., Sinanhoca streamgage). The streamflows simulated by the hydrological model 

are used to obtain inflows into the Oymapınar reservoir based on the regression 

model obtained in the flow analysis for the Oymapınar basin (Section 5.2.1). The 

study flow to obtain the results presented and discussed in this section is shown in 

Figure 5.26. The relevant results and evaluations are detailed in the consecutive 

subsections. 
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5.3.1 Analysis of Streamflow Projections using Individual RCMs (Q1-

Q12) 

For the assessment of the climate change impact on streamflow calibrated model is 

used to simulate the streamflow based on the meteorological outputs of 12 CORDEX 

RCMs (See Table 4.7 in Section 4.3.2). Simulated streamflows from Q1 to Q12 

generated by using historic and future simulations of RCMs from M1 to M12 

represent historic (1971 to 2005) and future (2020 to 2030 for short-, 2031 to 2050 

for medium-, and 2051 to 2099 for long-term future) flow rates at the Sinanhoca 

streamgage. The relevant methodology is detailed in Section 4.3.1.  

5.3.1.1 Validation of Historical Streamflow Simulations (Q1 to Q12) and 

Comparison with Observed Flows 

The hydrological model is run by the use of the climate forcings simulated by 12 

CORDEX RCMs that provide continuous time series for the historical period 

between 1971 and 2005 and the future period between 2006 and 2099. The time 

series of two main climatologic parameters, temperature and precipitation that 

control the rainfall-runoff relationship in the basin are used to run the hydrological 

model. The streamflow simulations from the hydrological model runs based on 

historical simulations of 12 individual climate models are validated against the 

observed streamflow in the same period. The daily hydrographs generated from the 

historical streamflow simulations (Q1 to Q12)  superimposed with the observed 

streamflow are provided in Appendix E. The monthly hydrographs produced from 

the daily time series are displayed in Figure 5.27. 

The SPI values indicating the performance efficiency of streamflow simulations 

obtained from the individual climate model runs in the hydrological model based on 

the monthly streamflow time series are given in Table 5.16. 
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Table 5.16 Statistical Performance Indicators for monthly streamflow simulations 

(Q1 to Q12) to replicate the observed streamflow at the Sinanhoca streamgage 

between 1971 and 2005 

Climate 

Model 

C
N
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5
_
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5
3
 

C
N

R
M

-C
M

5
_

C
C

L
M

4
-8

-1
7
 

C
N

R
M

-C
M

5
_

R
C

A
4
 

E
C

-E
A

R
T

H
_

C
C

L
M

4
-8

-1
7
 

E
C

-E
A

R
T

H
_

H
IR

H
A

M
5

 

E
C

-E
A

R
T

H
_

R
A

C
M

O
2
2

E
 

E
C

-E
A

R
T

H
_

R
C

A
4
 

C
M

5
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C
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5
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R
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H
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G
E

M
2

-E
S

_
C

C
L

M
4

-8
-1

7
 

H
ad

G
E

M
2

-E
S

_
R

A
C

M
O

2
2

E
 

H
ad

G
E

M
2

-E
S

_
R

C
A

4
 

Corr 0.32 0.26 0.4310 0.13 0.43 -0.12 0.21 0.16 0.33 0.25 0.25 0.43 

R2 0.10 0.07 0.19 0.02 0.19 0.01 0.05 0.03 0.11 0.06 0.06 0.19 

NSE -0.73 -0.16 -0.09 -0.67 0.04 -1.12 -0.47 -0.60 -0.10 -0.21 -0.37 0.02 

PBIAS 

(%) 

-55.9 12.6 39.8 53.0 11.3 57.5 49.5 58.1 -1.6 18.6 -20.5 23.1 

RMSE 

(hm3) 

6.42 5.26 5.09 6.31 4.79 7.11 5.92 6.18 5.11 5.38 5.72 4.85 

RSR 1.32 1.08 1.04 1.29 0.98 1.46 1.21 1.27 1.05 1.10 1.17 0.99 

VE 0.44 0.87 0.60 0.47 0.89 0.42 0.50 0.42 0.98 0.81 0.80 0.77 

KGE 0.12 0.19 0.22 -0.08 0.38 -0.29 -0.01 -0.12 0.30 0.19 0.21 0.34 

 

Accordingly, among the 12 streamflow simulations, the EC-EARTH_HIRHAM5 

generated relatively high SPIs indicating relatively good skills for all SPIs for the 

replication of the historical monthly streamflow. HadGEM2-ES_RCA4, CM5A-

MR_WRF331F, CNRM-CM5_RCA4, and CNRM-CM5_CCLM4-8-17 are other 

RCMs that provided relatively better simulation performances than the other RCMs 

in the ensemble. Among these models, CNRM-CM5_RCA4, EC-

EARTH_HIRHAM5, and HadGEM2-ES_RCA4 show the best correlations with the 

observed monthly mean streamflows, whereas the other models have relatively poor 

                                                 

 

10 The three-best values for each SPI are indicated in bold 
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skills for correlation compared to these three models. On the other hand, the other 

well-performing two models (i.e., CM5A-MR_WRF331F, and CNRM-

CM5_CCLM4-8-17) have relatively good skills regarding the bias parameters. 

Furthermore, respecting the Volume Error, CM5A-MR_WRF331F is seen to provide 

"very good" and CNRM-CM5_CCLM4-8-17 and EC-EARTH_HIRHAM5 verify 

"satisfactory" level performance (See Table 4.6 and Section 4.2.5 for performance 

level thresholds of SPIs). In addition, the three RCMs (CCLM4-8-17, RACMO22E, 

RCA4) nested in the HadGEM2-ES are seen to generate relatively high VE values 

that are close to the satisfactory level. Among the 12 RCMs, EC-

EARTH_RACMO22E performed relatively poorly in streamflow simulation 

compared to the other climate model runs. This is considered because of the 

weakness of EC-EARTH_RACMO22E in the hydrological model to estimate peak 

flows which also cause high bias and low correlation with the observed. Furthermore, 

as seen in Figure 5.27, among 12 models some are seen to be particularly weak in 

the simulation of the peak flows (e.g., CNRM-CM5_RCA4, HadGEM2-ES_RCA4), 

whereas some others are weak in the simulation of the low flows (e.g., CNRM-

CM5_ALADIN53, HadGEM2-ES_RACMO22E).  

To analyze the high and low flow conditions simulated for the 12-RCMs, daily mean 

flow rates (m3/s) are ranked from smallest to largest and compared with the observed 

flow rates through a scatter plot and for their cumulative distribution function (CDF) 

curves (Figure 5.28). Accordingly, Q6, Q8, Q11, and Q12 generated flow rates that 

are the most similar to the flow rates observed in the basin. However, Q8 and Q12 

are seen to slightly overestimate high and underestimate low flows, whereas Q6 

slightly underestimates flow rates in general and Q11 overestimates high flows. 

Among 12 flow simulations, Q9 is observed to distinctly underestimate and Q2 

overestimate flow in the basin.  
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 (M1: CNRM-CM5_ CCLM4-8-17)  (M7: EC-EARTH_ RCA4) 

 (M2: CNRM-CM5_ ALADIN53)  (M8: CM5A-MR_ WRF331F) 

 (M3: CNRM-CM5_ RCA4)  (M9: CM5A-MR_ RCA4) 

 (M4: EC-EARTH_ CCLM4-8-17)  (M10: HadGEM2-ES_ CCLM4-8-17) 

 (M5: EC-EARTH_ RACMO22E)  (M11: HadGEM2-ES_ RACMO22E) 

 (M6: EC-EARTH_ HIRHAM5)  (M12: HadGEM2-ES_ RCA4) 

 
Observed flow at Sinanhoca streamgage   

Figure 5.28. Empirical cumulative distribution function and comparison of observed 

and modeled daily mean flows (m3/s) 

 

5.3.1.2 Future Streamflow Projections (for Q1 to Q12) 

At the next step of the analysis, future projections by 12 RCMs are used to analyze 

the effect of the climate change signal on streamflow. For that purpose, the calibrated 

hydrological model is run by the use of future temperature and precipitation 

projections for the RCP4.5 and RCP8.5 scenarios by the individual climate models. 

The streamflow projections (Q1 to Q12) in the means of annual total flows for 

RCP4.5 and 8.5 scenarios by individual climate model runs are illustrated in 

Figure 5.29. As seen in Figure 5.29, annual total streamflow simulations for historic 

and future periods based on 12 RCMs are highly variable. On the other hand, the 

ensemble mean of simulations of Q1 to Q12 tends to underestimate the historical 

streamflow. Regarding the future projections, a decrease in the streamflow is 

observed for both of the scenarios by taking the general trend in the signal generated 
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displayed by the ensemble mean. Furthermore, for the RCP8.5 scenario, the 

decreasing trend is more pronounced than it is for the RCP4.5 scenario. In the long-

term future under the higher radiative forcing of the RCP8.5 scenario which is likely 

to cause a more pronounced decrease in the precipitation for the entire CASA (See 

Section 5.1.3.1) and also for the Akseki MS (See Section 5.1.3.2) than the RCP4.5 

scenario, a higher impact on the streamflow is also projected.  Furthermore, the 

concurrent increase in the temperature which is again projected to be more 

pronounced for the RCP8.5 scenario is considered to aggravate the impact on surface 

waters.   

 

 

Figure 5.29. Historic and future (RCP4.5 on the top panel and 8.5 scenarios on the 

bottom panel) streamflow simulations from individual model runs of 12 CORDEX 

RCMs (Q1 to Q12) 
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As seen in Figure 5.29, analysis of the projections based on different RCMs for 

outliers indicates that Q2 (i.e., projections based on CNRM-CM5_ALADIN53) 

projected under both scenario conditions forms outliers (exceeding mean+2Standard 

deviations of the ensemble indicated with dotted red line in Figure 5.29) for a 

significant portion of the projections (approximately one-third of the projections for 

total annual flow).  

The significance of the projected change in annual total streamflow is tested by the 

use of Welch’s two-sample t‑test with a threshold of confidence level of 95%. 

Accordingly, for the RCP4.5 scenario, seven of the streamflow simulations (Q5, Q6, 

Q8, Q9,  Q10, Q11, and Q12) which are based on projections by the RCMs nested 

on HadGEM2-ES and CM5A-MR and EC-EARTH_RACMO22E indicate a 

significant level change in the streamflow in Manavgat River for the second half of 

the 21st century. On the other hand, for the first half of the century that is analyzed 

as the short-, and medium-term future most of the projections do not indicate a 

significant level change in the streamflow under the RCP4.5 scenario. For the short-

term Q8 and Q10, and for the medium-term Q5 and Q9 are the only projections that 

indicate a significant change in streamflow for the RCP4.5 scenario. 

The streamflow projections for the RCP8.5 scenario based on 10 out of 12 models 

(all projections except Q3 and Q7) agree on a significant change in streamflow for 

the long-term future. On the other hand, for the short-term none of the 12 projections, 

and for the medium-term future only Q5 indicates a significant level of change with 

a confidence level of 95% in the streamflow for the RCP8.5 scenario.   

Finally, the analysis results are processed to determine the potential impact on the 

streamflow as percent change projections, based on the climate change signal 

indicated by each CORDEX RCM. For that purpose, the change in the total mean 

annual flow for the historic period is compared to the total mean annual flow 

projected for short-, medium- and long-term future periods. The projected changes 

in streamflow of Manavgat River at the Sinanhoca streamgage and in the inflow to 

Oymapınar reservoir are detailed in Section 5.3.4.  
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5.3.2 Analysis of Streamflow Projections using Ensembled Temperature 

and Precipitation (Q13 and Q14) 

Ensembling of daily temperature and precipitation data with SE and SME shows 

satisfactory results regarding the simulation performances to replicate mean 

climatologic conditions. Therefore it is used for the generation of meteorological 

inputs of the hydrological model (Section 5.1.3.2) in flow simulations. The 

ensembled daily historic and future time series of temperature and precipitation are 

used to run the calibrated hydrological model. The historical streamflow simulation 

results for ensembled inputs are compared with the observed streamflow data of 

Sinanhoca streamgage to verify the simulation efficiencies. The daily hydrographs 

of historical and future simulations of streamflow (Q13 and Q14) based on the 

ensembled meteorologic time series are given in Appendix F. Figure 5.30 illustrate 

the monthly hydrographs for Q13 (i.e., based on inputs generated with SE) and Q14 

(i.e., based on inputs generated with SME) superimposed with the observed 

hydrograph of Sinanhoca streamgage. As seen in Figure 5.30, despite the 

improvement in the temperature and precipitation estimations regarding the SPI 

values, the use of the ensembled meteorological time series resulted in poor 

streamflow simulations.  

A closer look at the rainfall-runoff relationship in the model basin simulated in the 

hydrological model shows that the streamflow is significantly influenced by the 

occurrence of precipitation events that are higher than the average conditions. Hence, 

SE and SME which reduce low-frequency events as a tradeoff for a better 

representation of the mean conditions underestimate the precipitation events that are 

over the mean precipitation which causes an underestimation of the streamflow.  

Furthermore, the SPI values (Table 5.17) calculated for the simulated monthly 

streamflows also verify unsatisfactory performance to replicate the observed 

streamflow. As seen in Table 5.17, for most of the SPIs, the streamflow simulation 

with ensembled meteorologic time series generated values close to or even poorer 

than the worst-performing streamflow simulation of individual climate model runs 
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(Q1 to Q12). Historical period Q13 and Q14 simulations are observed to have 

significantly high bias and high volumetric error. Hence, Q13 and Q14 are not used 

for the assessment of the climate change impact on streamflow.  

 

Table 5.17 Statistical Performance Indicators for monthly mean streamflows (hm3/d) 

for Q13 and Q14 in comparison with the streamflow simulations Q1 to Q12 

  Q1 to Q12 Q13 Q14 

SPI Best Worst SE SME 

Corr 0.43 -0.12 0.29 0.511 

R2 0.19 0.01 0.09 0.25 

NSE 0.04 -1.12 -1.04 -0.38 

PBIAS (%) -1.6 58.1 87.09 65.81 

RMSE (hm3/d) 4.79 7.11 6.97 5.73 

RSR 0.98 1.46 1.43 1.17 

VE 0.98 0.42 0.13 0.34 

KGE 0.38 -0.29 -0.41 0.02 

 

 

                                                 

 

11 The best values for each SPI are indicated in bold   
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5.3.3 Analysis of Streamflow Projections using Ensembled Streamflow 

(Q15 and Q16) 

In order to take advantage of the MME approach to improve the simulation 

performances regarding the SPIs, the streamflow simulations from 12 individual 

climate model runs (Q1 to Q12) are used to obtain ensembled streamflow time series 

(Q15 and Q16). Q15 and Q16 are generated by the use of SE and SME methods for 

streamflow. Similar to the methodology followed for the MME of meteorologic 

parameters detailed in Section 5.1.3.2 training and test data sets for the SE model are 

formed through resampling of the monthly flow data for the period between 1971 

and 2005. Resampling is done by random partitioning of the data set into training 

and test data sets to include 75% and 25 % of the entire data set. The same data points 

(same point in time) are used for the data sets from the observed and modeled 

streamflow. After the generation of the ensembled monthly streamflows for the 

historical period (1971 to 2005), the efficiencies of Q15 and Q16 to replicate 

observed flows are compared with that of simulated streamflows, Q1 to Q12. The 

SPI values for Q15 and Q16 compared with the best and worst SPI values obtained 

for the simulations Q1 to Q12 are given in Table 5.18. Accordingly, ensembled 

streamflow generated using the SE approach (Q15) achieved the best simulation 

performances regarding all SPIs. For Q15, Corr and VE values are in the 

“satisfactory” and “very good” range, respectively. Furthermore, the KGE value is 

at the threshold for satisfactory performance (See Table 4.6 in Section 4.2.5 for SPI 

threshold values). Both of the ensembling approaches are observed to be 

significantly successful in the reduction of the bias in total flow volume achieving 

the ideal VE value of 1.  
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Table 5.18 Statistical Performance Indicators for ensembled monthly mean (hm3/d) 

streamflows (Q15 and Q16) in comparison to the streamflow simulations Q1 to Q12 

  Q1 to Q12 Q15 Q16 

SPI Best Worst SE SME 

Corr 0.43 -0.12  0.62 11
 0.45 

R2 0.19 0.01 0.39 0.21 

NSE 0.04 -1.12 0.39 0.21 

PBIAS (%) -1.6 58.1 0 0 

RMSE (hm3/d) 4.79 7.11 3.83 4.35 

RSR 0.98 1.46 0.78 0.89 

VE 0.98 0.42 1 1 

KGE 0.38 -0.29 0.49 0.21 

 

 

Figure 5.31 displays the monthly total streamflows ensembled using SE and SME 

(Q15 and Q16) in comparison with the observed streamflows at the Sinanhoca 

streamgage. As seen in Figure 5.31, although the ensembled streamflows, Q15 and 

Q16, are superior to the simulations of individual model runs (Q1 to Q12) regarding 

the SPIs, they still perform relatively poorly to replicate the high flows and peaks as 

well as the low flows and dry conditions. Nevertheless, the SE approach is seen to 

provide a better representation of the variability in the streamflow than the SME 

approach does.  

Hence, Q15 and Q16 achieve a better representation of the observed mean flow 

conditions and the general trend than the streamflow simulations from Q1 to Q12 

but still remain relatively weak to represent the variability of flow compared to some 

of the simulated streamflows from Q1 to Q12. Consequently, unlike the use of 

ensembled meteorological time series in hydrological modeling, detailed in 

Section 5.3.2, which generated unsatisfactory streamflow estimations, the approach 

of ensembling of the streamflows Q1 to Q12 is verified to generate satisfactory 

results although some limitations that should be taken into consideration still exist. 
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Ensembled streamflow time series are also generated for the future projections under 

RCP4.5 and 8.5 scenario conditions by the use of SE and SME approaches (i.e., Q15 

and Q16 for the future). The streamflow simulation results for historic (1971 to 2005) 

and future (2006 to 2099, RCP4.5 and 8.5) periods including ensembled flows (Q15 

and Q16) and individual flow projections (Q1 to Q12) are shown in Figures 5.32 and 

5.33 for RCP4.5 and RCP8.5 scenarios, respectively.  As seen in Figures 5.32 and 

5.33, ensembled projections by SE and SME display a similar trend with the average 

of the flow projections from Q1 to Q12 (solid black line in the lower panel of Figures 

5.32 and 5.33). Regarding the interannual variability and the range of changes in 

total flow Q15 and Q16 are better than the simple average of streamflows from Q1 

to Q12, although they are still relatively weak to capture the observed variability in 

streamflow and cause the lower and higher extreme values (i.e, low-frequency 

conditions) simulated in Q1 to Q12 to be lost in a tradeoff of reduction of the overall 

bias.  

To determine the significance of the change indicated by the ensembled streamflow 

projections for Q15 and Q16 Welch’s two-sample t‑test with a threshold of the 

confidence level of 95% is used. Accordingly, Q15 and Q16 indicate a significant 

level change in the streamflow for the second half of the 21st century under both 

RCP4.5 and 8.5 scenarios. On the other hand, for short-, and medium-term Q16 

generated with SME indicates no significant level of change with a 95% confidence 

level under either scenario conditions, whereas Q15 generated with SE indicates a 

significant level change for medium-term for the RCP4.5 scenario. 
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Figure 5.32. Historic and future (RCP4.5 scenario) ensembled total annual 

streamflow estimations (Q15 and Q16) in comparison to Q1 to Q12 

 

 

Figure 5.33. Historic and future (RCP8.5 scenario) ensembled total annual 

streamflow estimations (Q15 and Q16) in comparison to Q1 to Q12 
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The historic and future ensembled streamflows are processed to determine potential 

impact on the streamflow for RCP4.5 and 8.5 scenarios. The projected changes in 

streamflow of Manavgat River at Sinanhoca streamgage and in the inflow to 

Oymapınar reservoir are detailed in Section 5.3.4.  

 

5.3.4 Analysis of Potential Impacts of Climate Change on Streamflow 

The mean annual total flows calculated for the historical and future terms for the 

model basin (i.e., Sinahoca streamgage) are shown in Figure 5.34. The projections 

on the percent change in mean annual total streamflows are depicted in Figure 5.35. 

Accordingly, except for Q5 (i.e., streamflow simulation based on EC-

EARTH_RACMO22E simulations), the streamflow simulations based on the 

projections by all models under the RCP8.5 scenario indicate a decrease in the 

streamflow in the range of 8% to 66%. The ensembled streamflows, Q15 from the 

SE method and Q16 from the SME method, indicate a 32% and 14.5% decrease, 

respectively. For the RCP4.5 scenario, the projected decrease for the long-term is 

27% and 8% for Q15 and Q16, respectively. For the projections according to 

simulations of Q1 to Q12 excluding Q5, the change in the annual total streamflow 

range between 1.2% (increase) and -41.5 (decrease).  
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Q1 (M1: CNRM-CM5_ CCLM4-8-17) Q7 (M7: EC-EARTH_ RCA4) 

Q2 (M2: CNRM-CM5_ ALADIN53) Q8 (M8: CM5A-MR_ WRF331F) 

Q3 (M3: CNRM-CM5_ RCA4) Q9 (M9: CM5A-MR_ RCA4) 

Q4 (M4: EC-EARTH_ CCLM4-8-17) Q10 (M10: HadGEM2-ES_ CCLM4-8-17) 

Q5 (M5: EC-EARTH_ RACMO22E) Q11 (M11: HadGEM2-ES_ RACMO22E) 

Q6 (M6: EC-EARTH_ HIRHAM5) Q12 (M12: HadGEM2-ES_ RCA4) 
 

Figure 5.34. Historic and future (RCP4.5 on the top panel and RCP8.5 on the bottom 

panel) streamflow simulations for the Sinanhoca streamgage 
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Q1 (M1: CNRM-CM5_ CCLM4-8-17) Q7 (M7: EC-EARTH_ RCA4) 

Q2 (M2: CNRM-CM5_ ALADIN53) Q8 (M8: CM5A-MR_ WRF331F) 

Q3 (M3: CNRM-CM5_ RCA4) Q9 (M9: CM5A-MR_ RCA4) 

Q4 (M4: EC-EARTH_ CCLM4-8-17) Q10 (M10: HadGEM2-ES_ CCLM4-8-17) 

Q5 (M5: EC-EARTH_ RACMO22E) Q11 (M11: HadGEM2-ES_ RACMO22E) 

Q6 (M6: EC-EARTH_ HIRHAM5) Q12 (M12: HadGEM2-ES_ RCA4) 
 

Figure 5.35. Projected percent change in the mean annual total flow at the Sinanhoca 

streamgage for RCP4.5 on the top panel and RCP8.5 on the bottom panel 
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The same analysis is done for the Oymapınar reservoir inflows (R1 to R12) by the 

use of the regression model of the relationship between streamflow at Sinanhoca 

streamgage and Oymapınar reservoir inflow. The mean annual total inflows for the 

historical and future terms are illustrated in Figure 5.36. The projections on the 

percent change in mean annual total inflows are shown in Figure  5.37. Accordingly, 

similar to the Manavgat River streamflow projections, except for R5, the streamflow 

simulations based on the projections by all models under the RCP8.5 scenario 

indicate a decrease in the reservoir inflows in the range of 5.5% to 32%. The inflows 

(R15 and R16) calculated from the ensembled streamflows, Q15 from the SE method 

and Q16 from the SME method, indicate a 22% and 10% decrease, respectively. For 

the RCP4.5 scenario, the projected decrease for the long-term is 19% and 5% for 

R15 and R16, respectively. For the projections according to simulated inflows R1 to 

R12 excluding R5, the change in the annual total streamflow range between 0.5% 

(increase) and -20% (decrease).  

Regarding the climate change impacts in the Mediterranean, IPCC’s AR6 

emphasizes the very likely decrease in the annual runoff and streamflow during the 

low flow seasons. The decrease is identified to be in a range of 5 to 70% and is likely 

to impact the hydropower generation in the region (Ali et al., 2022). The findings 

from the multi-model analysis in this study (excluding R5) reveal similar projections 

showing a statistically significant decrease in the Oymapınar reservoir inflow up to 

20% for RCP4.5 and 32% for RCP8.5 conditions for the second half of this century. 

The potential impact on hydropower generation due to future changes in streamflow 

is also assessed within the scope of the TUBITAK Project with the Title of 

"Assessment of Climate Change Impacts on Streamflow and Hydropower in Antalya 

(Project Number: 365Y118)". The relevant research study used the monthly total 

streamflow (i.e., Q8 in this study) and Oymapınar reservoir inflow (i.e., R8 in this 

study) time series based on CM5A-MR_ WRF331F (i.e., M8 in this study) that is 

verified to have the lowest total bias regarding the mean annual precipitation 

compared to other CORDEX RCMs (See Table 5.6 in Section 5.1.3.2) (Kentel et al., 

2021). 
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The analysis by Kentel et al. (2021) of potential changes in hydropower generation 

in the Oymapınar HEPP determined that a decrease in the streamflow in the long-

term future for RCP4.5 and 8.5 scenarios is likely to cause a drop in hydropower 

generation efficiency compared to the available production capacity of the HEPP. 

On the other hand, due to current limitations to operation, such as restrictions due to 

flood protection of the downstream reservoirs, Oymapınar HEPP is operated with a 

total annual hydropower generation rate of around 1000 GWh, which is already 

around 20% lower than its capacity (i.e., approximately 1200 GWh). Thus, assuming 

that the baseline operation conditions remain unchanged the decrease in the 

Oymapınar Inflow is projected to create a decrease in the current hydropower 

generation for the RCP8.5 scenario in the long-term future (Kentel et al., 2021). 

Under such conditions, Kentel et al. (2021) project an approximate 10% decrease in 

the total annual hydropower generation compared to the current energy generation 

(i.e., 900 GWh) in the Oymapınar HEPP. 
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R1 (M1: CNRM-CM5_ CCLM4-8-17) R7 (M7: EC-EARTH_ RCA4) 

R2 (M2: CNRM-CM5_ ALADIN53) R8 (M8: CM5A-MR_ WRF331F) 

R3 (M3: CNRM-CM5_ RCA4) R9 (M9: CM5A-MR_ RCA4) 

R4 (M4: EC-EARTH_ CCLM4-8-17) R10 (M10: HadGEM2-ES_ CCLM4-8-17) 

R5 (M5: EC-EARTH_ RACMO22E) R11 (M11: HadGEM2-ES_ RACMO22E) 

R6 (M6: EC-EARTH_ HIRHAM5) R12 (M12: HadGEM2-ES_ RCA4) 
 

Figure 5.36. Historic and future (RCP4.5 on the top panel and RCP8.5 on the bottom 

panel) estimates of the mean annual total inflow of the Oymapınar Reservoir 
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R1 (M1: CNRM-CM5_ CCLM4-8-17) R7 (M7: EC-EARTH_ RCA4) 

R2 (M2: CNRM-CM5_ ALADIN53) R8 (M8: CM5A-MR_ WRF331F) 

R3 (M3: CNRM-CM5_ RCA4) R9 (M9: CM5A-MR_ RCA4) 

R4 (M4: EC-EARTH_ CCLM4-8-17) R10 (M10: HadGEM2-ES_ CCLM4-8-17) 

R5 (M5: EC-EARTH_ RACMO22E) R11 (M11: HadGEM2-ES_ RACMO22E) 

R6 (M6: EC-EARTH_ HIRHAM5) R12 (M12: HadGEM2-ES_ RCA4) 
 

Figure 5.37. Projected percent change in the mean annual total inflow of the 

Oymapınar Reservoir for RCP4.5 on the top panel and RCP8.5 on the bottom panel 
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CHAPTER 6  

6 CONCLUSIONS 

6.1 Summary and Conclusions 

This study assesses potential climate change impacts on temperature and 

precipitation in Southern Mediterranean Turkey extending and its hinterland 

covering 10 major surfacewater basins. Furthermore, the impact of climate change 

on the streamflow of the Manavgat River feeding the Oymapınar reservoir is 

assessed in the study. The details of and findings from the multi-model analysis of 

high-resolution climate models and subsequent impact analysis for the Oymapınar 

basin using hydrological modeling are presented in this thesis. 

The study includes three main components, Climate Analysis, Hydrological 

Modeling, and Streamflow Impact Analysis.  

The main findings and conclusions from these components are as follows: 

Component 1, Climate Analysis:  

 The analysis of the observed precipitation and temperature at 59 MSs across 

the CASA from 1966 to 2005 indicates that: 

o The annual mean temperature climatology range between 10°C and 20°C 

across the CASA and the mean temperature difference between the 

winter and summer seasons is between 14°C and 21°C for the region.  

o Konya Closed Basin has the lowest annual mean precipitation (less than 

1mm/day) among the basins in the CASA.  

o Coastal areas receive more mean annual precipitation than inland areas 

but have a very high seasonality. For coastal stations, annual 
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precipitation is mostly received during the winter season, and mean 

precipitation drops significantly, even to zero, during the dry season. 

o The spatial variability of climatology is significantly influenced by the 

topographical features of the CASA. The Taurus Mountains extending 

parallel to the coastline in the south form the boundary for the coastal 

climatology zone which has a relatively high annual mean temperature 

(18°C or higher) and total precipitation. On the other hand, in the west, 

the topology of mountain ranges lets the milder climate conditions reach 

further inland from the coastal areas. 

 

 The multi-model analysis of the simulation performances of high-resolution 

raw and bias-adjusted climate models indicates that: 

o Simulation performances of 14 raw climate models are distinctly 

variable. Also, intra-regional variability is observed regarding the 

simulation performances of the models.  

o The bias-adjusted outputs of CORDEX RCMs are verified to have better 

simulation performances for certain locations, certain seasons, or periods 

while they are shown to perform poorly for other locations in the CASA 

(e.g., better simulation for coastal stations than the inland stations) and 

periods (e.g. poor performance for summer season). This creates even 

higher diversification of the simulation performances and the future 

projections for the CASA.  

o Due to the high diversification of modeling performances raw and bias-

adjusted RCM outputs should be used only after validation for the scale 

and the objective specific to the study (e.g., impacts on water supply or 

flood risk).  

 

 The multi-model analysis of the simulation performances of individual 

models in the 14-member ensemble showed that: 
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o MRI-AGCM_NHRCM, EC-EARTH_HIRHAM5, and HadGEM2-

ES_RCA4 are found to be the best performing models in the 14-member 

ensemble both for temperature and precipitation climatology in the 

CASA.  

o Among 14 models, CNRM-CM5_ALADIN53 is found to be the weakest 

to replicate the observed temperature and precipitation climatology in 

the CASA.  

 

 The analysis results of the ensembling methods SE and SME are as follows:  

o The ensembling methods are found to provide improvement in the 

estimations of temperature and precipitation climatology.  

o Ensembled outputs are observed to have better Corr and RMSE values. 

o Ensembling is observed to reduce overall bias. 

o The skills of the ensembled data series are found to be highly affected by 

the simulation performances of the input data series (i.e., climate 

models).  

o Better results are seen to be observed for larger ensemble sets.  

o Ensembling generates output time series that are mostly concentrated 

around the mean climatology.  

o Ensembling is seen to reduce the variability of the climate simulations, 

which causes the ensembled outputs to fail to replicate the observed low-

frequency events.  

o The limitations of ensembled outputs are interpreted to be originated 

from the limitations of the linear methodologies used for ensembling, 

particularly concerning the parameters such as precipitation that are of 

non-linear in nature. 

 

 The multi-model analysis of 14 climate models for potential changes in the 

temperature in the CASA verifies that: 
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o The projections by all models agree on a gradual increase in the mean 

temperature in the entire CASA during the 21st century for both RCP4.5 

and 8.5 scenarios.  

o The temperature increase at all MSs and for all future terms is projected 

to be statistically significant (with a 95% confidence level) under both 

scenarios. 

o Based on the average of 12 CORDEX RCMs’ RCP4.5 scenario 

projections, the areal average for the CASA (i.e., 59-MS average) for 

potential temperature increase is 1.2°C, 1.6°C, and 2.5°C for the short-, 

medium- and long-term future.  

o For the RCP8.5 scenario, the 12-model average of the short-, medium- 

and long-term future projections for potential temperature increase on 

the CASA average are 1.4°C, 2.1°C, and 4.1°C, respectively.  

o The projections by MRI’s climate models for the long-term future 

covering the period between 2080 and 2099 indicate a statistically 

significant temperature increase under the RCP8.5 scenario. The 

projections by MRI-AGCM and MRI-AGCM_NHRCM show an 

increase in temperature in the range of 4°C to 5.2°C and 4°C to 5.4°C 

across the CASA, respectively. 

 

 The multi-model analysis of 14 climate models for potential changes in the 

precipitation in the CASA reveals the following: 

o Projections for the CASA indicate significant intra-regional variability 

in the size and type (i.e., decrease or increase) of the impact on 

precipitation. 

o Concerning the CASA on average, the average of 12 CORDEX RCMs’ 

projections indicate a 0.5%, 2.7%, and 7% decrease in precipitation for 

the short-, medium-, and long-term future under the RCP4.5 scenario, 

respectively. 
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o Under the RCP8.5 scenario, the average of 12 CORDEX RCMs’ 

projections shows +1.3%, -4.6%, and -14% change in precipitation on 

average of the CASA for short-, medium-, and long-term future, 

respectively. 

o Based on the projections by MRI-AGCM_NHRCM on average of the 

CASA a 14% decrease in the mean annual precipitation is calculated for 

the long-term future period between 2080 and 2099 compared to the 

historical 1981 to 2000 period. A statistically significant level of change 

in precipitation is projected for the long-term future between 2080 and 

2099 under the RCP8.5 scenario for more than 40% of the MSs in the 

SA. 

 

 The concurrent impacts of climate change on temperature and precipitation 

in the CASA are expected to aggravate the stress on the water resources and 

increase the drought risk in the region, particularly for the inland basins 

where the increase in temperature is likely to be more pronounced due to the 

intensification of the dry climate characteristics.  

 The impacts that are projected to increase with time are likely to exacerbate 

risks to water supply, particularly after the onset of a significant level of 

decrease in precipitation in the long-term future in the second half of the 21st 

century. Therefore, tiered adaptation strategies are considered to be necessary 

to minimize the increased risks and vulnerabilities regarding the climate 

change impacts on water resources. 

Component 2, Hydrological Modeling:  

 Both of the hydrological models developed in HBV-light and HEC-HMS 

provide satisfactory results for the simulation of the streamflow at the 

modeling basin.  

 HEC-HMS model provided slightly better values for SPI’s for the validation 

period.  
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 In modeling, HBV-light has the advantage of its ease of use, due to being less 

data-intensive, more user-friendly, and requiring less time for model 

development and calibration compared to the HEC-HMS.  

 However, HEC-HMS enables better control by the user over the hydrological 

modeling algorithm for different elements of the basin hydrology and 

hydrometeorology.  

Component 3, Streamflow Impact Analysis:  

 The validation of the streamflow simulations in HEC-HMS (Q1 to Q12) 

based on the historic temperature and precipitation time series of 12 

CORDEX RCMs indicates that: 

o Among the 12 CORDEX RCMs, the use of historic time series from 

EC-EARTH_HIRHAM5 generated relatively higher SPIs indicating 

better performance for the replication of the historical monthly 

streamflow compared to other models.  

o HadGEM2-ES_RCA4, CM5A-MR_WRF331F, CNRM-CM5_RCA4, 

and CNRM-CM5_CCLM4-8-17 are other RCMs, for which the use of 

historic time series shows relatively better streamflow simulation 

performances among other RCMs in the ensemble.  

o The use of the EC-EARTH_RACMO22E time series performs relatively 

poorly in streamflow simulation compared to the others in the ensemble.  

o Analysis of the range of the daily mean flow rates simulated by the 

climate model outputs in comparison to the observed flow rates in the 

basin verifies that Q9 of CM5A-MR_ RCA4 is observed to distinctly 

underestimate and Q2 of CNRM-CM5_ ALADIN53 to overestimate 

streamflow in the basin.  

o Regarding the range of daily flow rate observed in the basin, Q6 of EC-

EARTH_HIRHAM5, Q8 of CM5A-MR_WRF331F, Q11 of HadGEM2-

ES_RACMO22E, and Q12 of HadGEM2-ES_RCA4 are found to 

replicate the streamflow in the basin better.  
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 The validation of the streamflow simulations in HEC-HMS (Q13 and Q14) 

based on ensembled temperature and precipitation time series indicates that: 

o Although SE and SME methods are seen to provide significant 

improvement in the SPI values for temperature and precipitation 

simulations the use of the ensembled meteorological time series in 

hydrological modeling resulted in poor streamflow simulations.  

o The poor performance of the use of ensembled meteorological time 

series in the streamflow simulation is due to the reduction of the 

variability of the hydrometeorological parameters (particularly 

precipitation). SE and SME fail to represent relatively lower-frequency 

events in the time series as a tradeoff for a better representation of the 

mean meteorological conditions. Therefore, the precipitation events that 

are over the mean precipitation are underestimated by the ensembled 

precipitation which leads to a significant underestimation of the 

streamflow by the HEC-HMS model.  

 

 The validation of the ensembled streamflows(Q15 and Q16) indicates that:  

o The monthly total streamflows ensembled using SE and SME (Q15 and 

Q16) in comparison with the observed streamflows at the Sinanhoca 

streamgage provide better SPI values compared to the individual 

streamflow simulations (Q1 to Q12) in the ensemble. 

o Ensembled streamflows are seen to provide a better representation of the 

observed mean flow conditions but remain relatively weak to replicate 

the high flows and peaks as well as the low flows and dry conditions.  

o The SE approach is seen to provide a better representation of the 

variability in the streamflow than the SME approach does.  

 Analysis of the potential change in the Manavgat River streamflow due to 

climate change indicates that: 
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o For short-, and medium-term streamflow, simulations on most of the 

RCMs and the SME streamflow do not show a statistically significant 

change in the streamflow under either scenario.  

o Individual streamflow simulations of 12 RCMs (Q1 to Q12) and the 

ensembled streamflow time series (Q15 and Q16) indicate a statistically 

significant level (with a 95% confidence level) of change in the 

streamflow for the second half of the 21st century under the RCP8.5 

scenario, in general. For the RCP4.5 scenario, seven of 12 models and 

the ensembled streamflows indicate a significant level of change for the 

long-term future.  

o The streamflow simulations based on the projections by all RCMs, 

except for Q5 (i.e., streamflow simulation based on EC-

EARTH_RACMO22E outputs), under the RCP8.5 scenario indicate a 

decrease in the streamflow in the range of 8% to 66% for the long-term 

future.  

o For the RCP4.5 scenario, the projected change in the annual total 

streamflow range between 1.2% (increase) and -41.5 (decrease). 

o The ensembled streamflows, Q15 from the SE method and Q16 from the 

SME method, indicate a 32% and 14.5% decrease under the RCP8.5 

scenario in the long-term future, respectively. For the RCP4.5 scenario, 

the projected decrease for the long-term is 27% and 8% for Q15 and Q16, 

respectively.  

 

 Analysis of the potential change in the Oymapınar reservoir inflow due to 

climate change indicates that: 

o Under the RCP8.5 scenario, a decrease in the range between 5.5% and 

32%, and under the RCP4.5 scenario, a change in the range between 

0.5% (increase) and -20% (decrease) is projected for the long-term 

future.  
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o Based on the ensembled streamflows QSE and QSME, under the RCP8.5 

scenario, 22%, and 10% decreases are projected for the long-term future, 

respectively. For the RCP4.5 scenario, the projected decreases in the 

reservoir inflow in the long-term future are 19% and 5%.   

 

As summarized above significant interregional and intermodel variability is 

identified regarding the simulation skills of the climate models in the ensemble set 

in this study. The validation of the climate models to be used for the climate change 

impact assessment for the CASA, Akseki MS and HMSA, and for the Manavgat 

River streamflow verifies significant variability among the climate models. For 

example, CM5A-MR_WRF331F which is determined to have relatively better 

simulation skills for the Akseki MS due to its low total bias compared to other 

models in the ensemble is identified to perform relatively poorly for the CASA on 

average.  

Nevertheless, considering analysis results on various assessment parameters (e.g., 

evaluation for CASA or HMSA, evaluation for temperature, precipitation, or 

streamflow simulation) in this study the following models can be classified to 

perform best for most of the analyses for the study areas in this research. 

 MRI-AGCM_NHRCM is verified to have better simulation skills both for 

interannual and spatial variability of temperature and precipitation in the 

CASA.  

 EC-EARTH_HIRHAM5 and HadGEM2-ES_RCA4 are verified to perform 

well to replicate interannual and spatial variability of temperature and 

precipitation in the CASA and relatively in Akseki MS. Additionally, these 

two models are identified to have better results for the simulation of the 

streamflow to replicate the daily flow rate and mean annual streamflow in the 

Oymapınar basin compared to other CORDEX RCMs.  
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As IPCC’s AR6 emphasizes Mediterranean region is vulnerable to highly likely 

“interconnected” hazards and risks which is triggered by climate change (Ali et al., 

2022). In that respect, adaptation strategies are required to minimize such hazards 

including but not limited to loss and degradation of ecosystem elements and services, 

aridification, crop losses, water scarcity, and public and ecological safety risks due 

to extreme events, and to build resilience in the socio-economic and ecological 

environment in the future. 

6.2 Recommendations for Future Research 

This study focuses on the changes in the temperature and precipitation climatology 

and streamflow due to climate change and therefore mostly analyzes the results for 

monthly and annual time series. Although the hydrological modeling is based on the 

daily time series, no detailed analysis of daily time-scale results is included in this 

study. For the risk analysis on low-frequency and small-time scale, extreme events 

(e.g., wet and dry extremes on the daily time scale, flood due to extreme storm 

events, and similar) the analysis of daily results and associated extreme analysis is 

considered as the subject of potential future studies. 

The detailed analysis of the change in the climatological means in this study provides 

information on the potential future trends and vulnerability of water resources. 

However, concerning the ecological and socioeconomic vulnerabilities, potential 

changes in some additional meteorological parameters such as maximum and 

minimum temperatures, maximum precipitation, and also seasonal total and mean 

precipitations also have significant importance due to potential hazards and risks 

(e.g., heatwaves and extremely cold days, wildfires, agricultural droughts, flash 

floods, etc.). Draft lists of hydrometeorological parameters for future research 

studies regarding the hazards likely to be induced by climate change may include but 

are not limited to the following:  
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 Changes in seasonal mean temperatures, Growing Season Length, and/or the 

number of annual Growing Degree Days, Heating Degree Days, and Cooling 

Degree Days (Peterson et al., 2001; Crespi et al., 2020).  

 Changes in the number and intensity of extreme temperatures (maximum and 

minimum values of daily maximum temperature, and minimum temperature, 

number of days with daily maximum temperature exceeding 25°C (i.e., 

summer days) and 30°C (i.e., hot days), and daily minimum temperature over 

20°C (i.e., tropical nights), frost days, changes in warm and cold spell 

duration indices), intra-annual Extreme Temperature Range, heatwave 

frequency, intensity and duration (e.g., Heat Wave Duration Index). Days 

with fire danger exceeding a threshold (Peterson et al., 2001; Donat et al., 

2013; Crespi et al., 2020). 

 Changes in the seasonal mean and total precipitation, and simple 

precipitation intensity index (Peterson et al., 2001; Crespi et al., 2020). 

 Changes in the extreme precipitation events (maximum 1-day precipitation, 

maximum consecutive 5-day precipitation), extreme precipitation total (i.e., 

the total sum of daily precipitation over a certain period exceeding the 95th 

and/or 99th percentile of the reference interval), maximum lengths of dry and 

wet spells (Peterson et al., 2001; Donat et al., 2013; Crespi et al., 2020). 

 Changes in the seasonality and inter-annual variability of discharge. 

 Changes in the River Flood Index, frequency, magnitude, and duration of 10-

year and 100-year flood events (Crespi et al., 2020). 

 Aridity and drought (e.g., Standardized Precipitation Index Aridity Index, 

and drought intensity), changes in the number of consecutive dry days, 

duration and magnitude of meteorological, and soil moisture droughts, Water 

stress index (i.e., use-to-resource ratio) (Raskin et al., 1997; Byers et al., 

2018; Crespi et al., 2020). 

 Changes in the evapotranspiration and connected indices such as the 

Standardized Precipitation Evapotranspiration Index (Crespi et al., 2020). 

 



 

 

180 

A limitation of the hydrological model developed for impact assessment in this study 

is that the calibration and validation periods are restricted to the time frames for 

which continuous hydrometeorological time series of monitoring data (i.e., 

temperature, precipitation, and streamflow) are available. Hence, due to the data 

availability, the period for calibration has to be restricted to four (2013-2016 water 

years), whereas the validation period is restricted to one (2017) water year duration. 

As a better practice, where data is available, calibration and validation periods should 

be selected for longer durations. Hence, in the future, if additional continuous 

historical hydrometeorological data are generated, calibration and validation of the 

hydrological model can be improved using longer time series of historical data. 

Within the scope of this study, the results from several ensembling approaches are 

used to improve the estimations as well as to reduce the significant divergence in the 

multi-model projections. The ensembling approaches examined in this study (e.g., 

SME, SE, PBWA, and analysis of the ensemble average values) are linear methods 

that provide significant ease of use compared to other complex non-linear and/or 

probabilistic approaches. However, linear methods may have limitations in the 

estimation of parameters of non-linear nature. Hence, as a future study the use of 

non-linear ensembling methods and research on the improvements of easy-to-apply 

linear approaches are considered to be useful. 

The analysis of bias-adjusted CORDEX RCMs from the CORDEX-Adjust project 

verified variable simulation skills. Furthermore, regarding the improvements in the 

estimations particularly for seasonal climatology and total bias, the bias-adjusted 

outputs are found not to be significantly superior to raw RCM or ensembled outputs 

which also have their limitations. The weakness of the available bias-adjusted RCMs 

in the CORDEX database is considered to be mainly originated from the reference 

data (i.e., climate reanalysis data with relatively low resolution or containing biases 

from the local conditions) used for bias adjustment. Hence, for a potential future 

study on climate change analysis (particularly for local and seasonal assessment 

purposes), bias adjustment using observed meteorological data from ground-based 

meteorological stations is recommended to be used over the bias-adjusted RCMs 
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from the CORDEX database unless the bias-adjusted outputs from the CORDEX 

database are verified to have good simulation skills for the related study purpose. 

In this study, the combined analysis of changes in temperature and precipitation 

climatologies indicated a distinct inversely correlated linear relationship. 

Furthermore, the analysis demonstrated that the inland basins with a semi-arid 

climate are likely to have a more intense temperature increase which is interpreted 

to be combined with increased dryness due to lower latent heat flux. Hence, a future 

study is recommended to include an analysis of the projections on evaporation along 

with the other hydrometeorological parameters.   
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Abstract

For regional-scale studies on climate change and relevant impact assessment,

the projections of regional climate models (RCMs) are used due to their advan-

tage of high resolution and better representation of the local climate relative to

the global climate models. However, direct use of RCM outputs is prone to

uncertainties and biases that may significantly diminish the accuracy of

results. EURO-COordinated Regional Downscaling EXperiment (CORDEX)

initiative that is a part of the global Coordinated Regional Downscaling Experi-

ment Project provides high-resolution RCM projections for the European

domain and bias-adjusted regional projections under the “CORDEX-Adjust”
Project for climate change impact assessment studies. This study aims to per-

form a multi-model analysis of precipitation data using bias-adjusted and

raw/non-bias adjusted CORDEX RCMs to obtain an evaluation of their repre-

sentativeness for local climate conditions and adequacy to be used for climate

change impact assessment. For this purpose, the analysis focuses on four COR-

DEX RCMs and their 12 bias-adjusted versions generated with cumulative dis-

tribution function transformation, quantile mapping, and distribution-based

scaling methodologies. For the analysis in total, 16 hindcast results of raw and

bias-adjusted RCMs, and three superensembles (SEs) generated through multi-

ple linear regression are compared for their performance regarding their good-

ness of fit to the ground-based precipitation monitoring data from eight

meteorological stations in the Mediterranean region in Turkey. The analysis

verified that the skill of individual simulations including the bias-adjusted out-

puts is significantly variable in spatial and temporal means. On the other hand,

SE formed by using all 16 hindcast outputs has the highest skill for the repre-

sentation of variability in precipitation in time as well as for the reproduction

of annual climatology at all stations, although potential drawbacks concerning

seasonality and the range of anomaly may still exist which might be significant

depending on the specific aim of impact assessment.
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1 | INTRODUCTION

Many globally observed indicators of climate change sug-
gest potential significant impacts on the environmental
conditions both regionally and globally, given that the
climate is one of the main controls on the environment.
Therefore, assessment of those impacts is a crucial part of
adequate planning and management of the environment
and natural resources on various scales. Numerous stud-
ies on climate change impacts rely on the projections
from regional climate models (RCMs), particularly for
regional and local assessments. RCMs provide sufficient
resolution for such purposes and enable simulation of
regional conditions through parametrization of local cli-
mate processes (Leung et al., 2003). However, RCM out-
puts may contain systematic errors or biases (IPCC, 2015;
Gutiérrez et al., 2019) that may be inherited from the
driving global climate models (GCMs) or caused by rea-
sons such as imperfect conceptualization, discretization,
and spatial averaging within grid cells (Fujihara
et al., 2008; L�opez-Moreno et al., 2008; Teutschbein and
Seibert, 2012; Kara and Yucel, 2015). To overcome such
drawbacks, researchers choose to use RCM outputs that
are post-processed with statistical bias adjustment
methods for climate change impact assessment.

Bias correction methodologies have the advantage of
being computationally inexpensive but may have their
limitations (IPCC, 2015). Different RCMs and different
empirical bias correction methodologies may create
advantages and disadvantages for the simulation of dif-
ferent processes that might be more significant for certain
locations, seasons, or periods. The studies indicate signifi-
cant uncertainties and inter-model variability for RCM
results (L�opez-Moreno et al., 2008; Sunyer Pinya
et al., 2015) which is even more pronounced for regions
with complex terrain features (Evans, 2009). In fact, the
uncertainties from climate models (i.e., driving GCM and
downscaling to obtain RCM) is verified to be the most
dominant element of uncertainty in climate change
impact assessment studies on hydrology (Chen
et al., 2011) along with the uncertainties from natural
variability, selected emission scenario, and hydrological
modelling (Lee et al., 2017).

Therefore, before the use of climate model products
the hindcast outputs should be validated through an eval-
uation of the goodness of fit with the local climate obser-
vations. On the other hand, due to the multi-dimensional
variability and uncertainties of climate modelling, there
is no standard method for the selection of the best or
most representative model to be used in climate change
impact assessments. Additionally, the single model
assessment may cause poor justification due to the vari-
ous advantage and disadvantages different models have.

Multi-model ensemble (MME) analysis is an approach to
overcome this challenge. Studies indicate that the ensem-
ble model generates superior results over single model
use (Tebaldi and Knutti, 2007; Sunyer Pinya et al., 2015).
MME is reported to reduce the model biases by enabling
the use of a set of models (Tebaldi and Knutti, 2007). In
order to obtain MME outputs, different approaches can
be used such as multi-model simple averaging or the use
of multi-model weighted average based on some model
performance metrics (Tebaldi and Knutti, 2007;
Christensen et al., 2010). Among these various tech-
niques, the superensemble (SE) approach is suggested by
Krishnamurti et al. (1999) and is based on the calculation
of MME output by the use of a set of models with weights
identified through multiple linear regression (MLR) so as
to obtain the best fit between observed and MME output
(Krishnamurti et al., 1999; 2000; 2016; Stefanova and
Krishnamurti, 2002).

EURO-COordinated Regional Downscaling EXperi-
ment (CORDEX) initiative that is a part of the global
CORDEX Project provides high-resolution RCM projec-
tions (Jacob et al., 2020) and bias-adjusted regional
projections under the “CORDEX-Adjust” Project
(IPCC, 2015) for climate change impact assessment stud-
ies in European Domain. Certain studies have been con-
ducted by the use of projections from CORDEX RCMs
(from hereafter will be referred to as RCMs) and bias-
adjusted RCMs from the CORDEX-Adjust database (from
hereafter will be referred to as bias-adjusted RCMs) for
the impact of climate change on the hydrological ele-
ments of the water cycle in the region of the eastern Med-
iterranean. Yucel et al. (2015) studied the effect of
climate change in runoff volumes and shifts in seasonal-
ity in eastern Turkey created by a change in snowmelt
runoff. Some other studies assessed the potential future
changes in the water cycle (Onol and Semazzi, 2009;
Black et al., 2010; Onol et al., 2014) and the potential of
an increase in aridity in the region (Gao and
Giorgi, 2008) by the use of RCMs. Onol and
Semazzi (2009) report the potential of a decrease in pre-
cipitation for the winter season, the main wet season for
the region, over southeastern Turkey. The decrease in
winter precipitations is expected to have a significant
impact on the region and its downstream in the eastern
Mediterranean. Several studies validate the decreasing
trend in total winter precipitation in south and southeast-
ern Anatolian, and the Mediterranean, an increase in
extremes, and the potential of increased aridity and water
stress in the region that is defined to be vulnerable under
climate change conditions (Gao and Giorgi, 2008; Yucel
et al., 2015; Türkeş et al., 2016; Aziz et al., 2020). Further-
more, the study by Giannaros et al. (2018) on the thermal
bioclimate mapping of the southeast Mediterranean and
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the Balkans with high-resolution climate modelling veri-
fied statistically significant warming trends that are
expected to create potential concerns on public health as
well as impacts on certain socioeconomic activities.

With its complex terrain and climatic features, the
eastern Mediterranean attracts much attention for the pro-
jection of the climate impacts. Hence, for such a complex
terrain with localized climate processes, the variability of
the climate projections is required to be tested well. On
the other hand, to the best of our knowledge, the number
of studies testing the performance of climate models,
RCMs, bias-adjusted RCMs, and ensemble models, against
historical land-based climate records in Turkey is still lim-
ited. Additionally, the studies for the analysis of bias-
adjusted RCM outputs available from the CORDEX data-
base in the eastern Mediterranean are still numbered.

Aziz et al. (2020) in their study provide an ensemble
analysis of 12 raw RCMs and 2 bias-adjusted RCMs. The
accuracy of outputs is validated through a comparison
with long-term temperature data from local meteorologi-
cal stations (MSs). Study results indicate approximately
60% improvement in root mean square error (RMSE) and
mean absolute error of RCMs using the distribution-
based scaling (DBS) method by the Swedish Meteorologi-
cal and Hydrological Institute (SMHI) compared to the
non-bias adjusted outputs of CNRM-CERFACS-CNRM-
CM5—CCLM4-8-7, and Institut Pierre Simon Laplace
(IPSL)-IPSL-CM5A-MR—RCA4.

A study by Kentel et al. (2019) uses the results of
5 RCMs and makes a comparison with the 13 bias-adjusted
RCMs. In their study, raw and bias-corrected (adjusted
with DBS, cumulative distribution function transform
[CDF-t], and quantile-mapping methods) hindcast outputs
from RCMs are compared with historical monthly

precipitation time series from two local MSs. Analysis indi-
cates that a group of bias-adjusted RCM outputs provides a
relative improvement in the correlations and RMSE values
regarding the goodness of fit with observation data,
whereas some of the bias-adjusted versions in the study
create a reduction in correlations (Kentel et al., 2019).

MME analysis and use of MME outputs for the cli-
mate change impact assessment is used in various studies
focusing on relevant impacts on hydrology, crop yields,
and reservoir inflows for various basins in Turkey
(Kitoh, 2007; Ozdogan, 2011; Okkan and Inan, 2015;
Okkan and Kirdemir, 2016).

In this study, our objective is to test the accuracy and
the representativeness of 4 RCMs and their 12 bias-
adjusted versions. The RCMs and their bias-adjusted
hindcast results for precipitation are analysed through a
comparison with land-based historical observational
records on daily precipitation. The performance of RCMs
and the rate of improvement provided by the post-
processed outputs are evaluated to define potential
advantages and weaknesses in the case of use in climate
change impact assessment such as hydrological assess-
ment studies. Furthermore, MLR is used to generate SEs
and the performance of single model projections com-
pared to the ensembled series is evaluated. To summa-
rize, this study comparatively evaluates performances of
RCMs, bias-adjusted RCMs, and SEs in southern Turkey.

2 | DESCRIPTION OF THE
STUDY AREA

The objective of this study is the multi-model analysis of
climate models to assess the relative performance of
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different RCMs for an approximate area of 20,000 km2 in
southern Turkey (Figure 1). The study focuses on the his-
torical climate data for an area between 36�500–37�700N
latitudes and 30�500–33�150E longitudes including the
drainage divide of three main watersheds of Turkey.

The daily historical precipitation data that are used
for this study are collected from eight local ground-based
meteorological monitoring stations operated by the Turk-
ish State Meteorological Services. Among the eight MSs,
two of them (MS 17246: Karaman and MS 17898:
Seydisehir) are in Konya closed basin located behind the
water divide created by the Taurus mountain ridges that
also act as a strong control on the local climate. The
remaining six stations are in Middle and Eastern Medi-
terranean basins where a typical Mediterranean climate
with mild winter and dry hot summer conditions prevail.
Despite the relative proximity of these stations, the local
topography and the Mediterranean Sea create complexity
in local climate processes and divergent climatologic fea-
tures for the stations in different watersheds. For exam-
ple, according to the precipitation records between 1971
and 2005 Akseki station (MS 8229, 1,150 mASL) is
located approximately 40 km inward Mediterranean
coast and shows typical Mediterranean climate features
with pronounced seasonality in precipitation intensity.
Due to the orographic processes, Akseki station receives
the highest precipitation in the middle Mediterranean
basin. In the same basin, less than 45 km south the
coastal Manavgat station (MS 17954) receives 20% less
mean precipitation relative to Akseki. Seydisehir station
(MS 17898) less than 45 km north and Hadim station
(MS 17928) 60 km east of Akseki station are located at
the leeward side of the mountain ridges forming their
respective basin boundaries. Although these two stations

are located at a similar altitude range with Akseki sta-
tion, they receive relatively half of its mean precipitation.
Along with Seydisehir station, Karaman station
(MS 17246) further east is located in a closed basin where
cold semi-arid climate prevails receives significantly low
total precipitation. The mean precipitation at Karaman
station drops to 25% of Akseki Station. The physical bar-
rier of the Taurus Mountains between different basins
exerts a significant orographic impact shaping the
regional climatology.

3 | DATA AND METHOD

3.1 | Reference data

In this study, the daily historical precipitation records
from eight MSs based on readings from the manually
operated rain gauges for the period between 1971 and
2005 are used as the benchmark for the analysis of the
accuracy of climate models. The monthly average precipi-
tation calculated from daily historical runs from climate
models is compared with those of observations. The list
of eight MSs operated by Turkish State Meteorological
Services is given in Table 1. Figure 1 shows a location
map of MSs indicating relevant drainage basins of each.

To obtain the monthly time series from each station
daily data are put into a simple quality check process in
which the months with more than 10 days of missing
records are eliminated from the dataset. Similarly, for fur-
ther analysis of seasonal and annual means, and climato-
logical precipitation values, seasons missing more than
2 months and years missing more than two seasons are
eliminated from the time series obtained for the analysis.

TABLE 1 List of meteorological stations in the study area

Station
ID Station name Province Basin name

Latitude
(DD)

Longitude
(DD)

Elevation
(mASL)

Distance to
the
sea (km)

8229 Akseki Antalya Middle Mediterranean 37.05 31.78 1,150 42

17246 Karaman Karaman Konya closed basin 37.71 33.53 996 118

17300 Antalya
Airport

Antalya Middle Mediterranean 36.91 30.80 64 6

17310 Alanya Antalya Middle Mediterranean 36.55 31.98 6 —

17320 Anamur Mersin Eastern
Mediterranean

38.06 30.15 2 —

17898 Seydisehir Konya Konya closed basin 37.43 31.85 1,129 82

17928 Hadim Konya Eastern
Mediterranean

36.99 32.46 1,552 63

17954 Manavgat Antalya Middle Mediterranean 36.79 31.44 38 4
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3.2 | Model data

Four different RCMs contribute to the multi-model
assessment in this study. For analysis, the daily precipita-
tion outputs from the historical runs of the RCMs are
obtained from the CORDEX database. Furthermore, the
analysis includes a comparative evaluation between raw
and bias-adjusted outputs of the relevant climate models.
The bias-adjusted outputs of RCMs are hindcast outputs
available from the Climate4impact portal (IS-ENES, n.d.)
of the European FP-7 IS-ENES2 project (Plieger et
al., 2015) and are produced by the post-processing of
RCM outputs based on three different methodologies,
quantile mapping (QMap), DBS, and CDF-t. Bias-
adjusted outputs with the QMap method (Gudmundsson
et al., 2012) are produced by the Norwegian Meteorologi-
cal Institute (METNO) and are calibrated according to
the MESoscale ANalysis system (MESAN) reanalysis data
that were produced by SMHI (Landelius et al., 2016).
Outputs generated by SMHI with DBS (DBS45) method
(Yang et al., 2010) are also calibrated according to
MESAN. The third group of bias-adjusted outputs is
RCM outputs processed with the CDFT method (Vrac
et al., 2016) by IPSL using the Watch Forcing Data meth-
odology applied to ERA-Interim data (WFDEI) (Weedon
et al., 2014) as the benchmark.

Each of the 16 outputs is used for single model analy-
sis for the determination of the goodness of fit for the
simulation of historical climate. The goodness of fit

values for single models contributed to the multi-model
analysis by providing an understanding of the range of
simulation efficiency. Second, raw and bias-adjusted
models are used in different combinations to develop
MME results. The analysis is carried out for the period
between 1971 and 2005 and aims to evaluate the effi-
ciency of model outputs in the simulation of the histori-
cal climatic conditions and change in climate in time
experienced in the study area. The RCMs and the bias-
adjusted outputs used in this study are listed in Table 2
with the relevant Model Ids used in the below text.

Raw and bias-adjusted daily model outputs are used
for the development of monthly, seasonal, and annual
time series of average precipitation values at the RCM
grids closest to the eight MSs.

3.3 | Method for MME formation

The analysis of the climate models for the adequacy to be
used for impact assessment purposes includes ensemble
formation using the climate outputs. Three SEs are devel-
oped in this study: (a) SE of four non-bias adjusted RCMs
(from hereafter will be referred to as SE_RCM), (b) SE of
12 bias-adjusted RCMs (from hereafter will be referred to
as SE_BARCM), and (c) SE of all 16 RCMs (from hereaf-
ter will be referred to as SE_All). SEs are formed with the
monthly average precipitations and are based on the SE
technique proposed by Krishnamurti et al. (1999, 2000).

TABLE 2 List of the RCMs used in this study

Driving model RCM Bias adjustment method Model ID

CNRM-CERFACS-CNRM-CM5 SMHI-RCA4 — RCM1

CDFT21-WFDEI RCM1_CDFT

QMAP-MESAN RCM1_QMAP

DBS45-MESAN RCM1_DBS

ICHEC-EC-EARTH SMHI-RCA4 — RCM2

CDFT21-WFDEI RCM2_CDFT

QMAP-MESAN RCM2_QMAP

DBS45-MESAN RCM2_DBS

ICHEC-EC-EARTH KNMI-RACMO22E — RCM3

CDFT21-WFDEI RCM3_CDFT

QMAP-MESAN RCM3_QMAP

DBS45-MESAN RCM3_DBS

ICHEC-EC-EARTH DMI-HIRHAM5 — RCM4

CDFT21-WFDEI RCM4_CDFT

QMAP-MESAN RCM4_QMAP

DBS45-MESAN RCM4_DBS

Abbreviations: RCMs, regional climate models; SMHI, Swedish Meteorological and Hydrological Institute; DMI, Danish Climate Centre KNMI, Royal
Netherlands Meteorological Institute.
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The formation of the SEs using MLR with the SE
approach is carried out according to Equation (1).

SE_typei,t=Oi+
XM
j=1

aj RCMj
i,t−RCMj

i

� �
,8i,8t ð1Þ

where RCMj
i,t is the estimation of RCM j at grid i for

month t, SE_typei,t is the SE generated using RCMj
i,t, aj is

the weight of RCM j that is optimized for the training
period to minimize the difference between observed and
estimation of the model at grid i based on the conven-
tional MLR (Equation (4)), type indicates which type of
RCM models are ensembled. Here, as explained above,
type=RCM,BARCM,All. Thus, M is 4, 12, and 16, for
type=RCM,BARCM,All, respectively.

RCMj
i is the climatology determined by RCM j

(Equation (2)) for the training period T, and Oi is the
mean observation or observed climatology value at grid i
(Equation (3)) for the same period.

RCMj
i=

1
T

XT
t=1

RCMj
i,t, 8i,8j ð2Þ

Oi=
1
T

XT
t=1

Oi,t, 8i ð3Þ

where Oi,t is the observed data at grid i for month t.
The formation of SEs is carried out as a three-stage

procedure:

1. Training for the determination of the model weights

Training data set for each model is formed through a
random sampling of 75% of the data in time series of
monthly average precipitations between 1971 and 2005.
The same training data set is used for all models to
enable the comparison between them for accuracy. The
reference data are used as the benchmark for the training
of MLR of the SE. The observed values of the same time
and location with the model data points in the training
set are used for the determination of optimal weightings
for models. The MLR in the SE approach is trained so as
to minimize the total error (G) at each grid based on the
least-squares method as per Equation (4).

Gi=
XT
t=1

SE_typei,t−Oi,t
� �2

,8i ð4Þ

2. Test of the SE performance for the validation data set

The remaining 25% of the monthly average precipita-
tion time series between 1971 and 2005 are used for the

evaluation of the performance of SEs. The performance
of SEs for training and validation data sets is determined
by the calculation of the statistical performance indica-
tors (SPIs) of the goodness of fit with the reference data
of the same point of time and location.

3. Evaluation of SE time series performance with respect
to RCMs and bias-adjusted RCMs

After the calculation of model weights for each SE
with training data sets and testing of the performance
of SEs with validation data sets, continuous SE time
series are formed by combining training and validation
data. The SE time series are compared with the single
models for their goodness of fit with respect to the
observed and their adequacy for impact assessment.
The comparison is done based on the monthly average
precipitation time series for the period between 1971
and 2005.

3.4 | Model performance evaluation and
performance measures

The evaluation includes comparison for the accuracy in
representing the change of monthly precipitation in time
for the period of study, the percent difference between
observed and modelled precipitation climatology, and
representation of extreme conditions that might be of
particular concern in impact assessment on the environ-
ment such as impacts due to extreme events in hydrol-
ogy, for example, long rainy periods which may cause
floods, droughts, and so forth.

SPIs that are used in this study to compare the accu-
racy of hindcast outputs of raw and bias-adjusted RCMs,
as well as SEs, are Correlation or Pearson's coefficient of
correlation (Corr, Equation (5)), RMSE (Equation (6)),
and Percent BIAS (PBIAS, Equation (7)).

Corr OiRCM
j
i

� �
=

Pnt
t=1 Oi,t−Oi

� �
× RCMj

i,t−RCMj
i

� �h i
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPnt

t=1 Oi,t−Oi
� �2

×
Pnt

t=1 RCMj
i,t−RCMj

i

� �2
r

ð5Þ

RMSE=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
nt

Xnt
t=1

Oi,t−RCMj
i,t

� �2
s

ð6Þ

PBIAS=

Pnt
t=1 Oi,t−RCMj

i,t

� �
Pnt

t=1 Oi,tð Þ ×100 ð7Þ

In Equations (5)–(7), t stands for the time steps and the
total number of precipitation data is nt. RCM

j
i,t stands for
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the estimation of RCM j. In the case of the SEs, instead of
RCMj

i,t, SE_typei,t is used for SPIs calculation. The
monthly average precipitations are expressed in mm/day.

4 | DEVELOPMENT OF SEs

Three SEs are formed following the procedure described
in Section 3. The data set from each model and the SE
outputs for training and test are evaluated with respect to
the monthly averages of observations. The training
results of the three SEs show better simulation perfor-
mance than single models including raw RCMs and bias-
adjusted outputs. Among the SE types, the ensemble set
containing all 16 raw or bias-adjusted outputs (SE_All) is
observed to have the best performance.

Although the correlation and RMSE values (Tables 3
and 4, respectively) for the test dataset mostly indicate to
be slightly poorer compared to the training results, they
still verify a better performance for SE outputs, in gen-
eral. PBIAS values (Table 5) obtained for three SEs are

also satisfactory and verifies a reduction in the total error
in projections (Figure 2). Note that in Figure 2, all four
bias-adjusted versions of the corresponding RCM are rep-
resented by the same marker (i.e., empty circles). Rather
than the analysis through randomly formed training and
test datasets, a better analysis of the total error is
obtained for the PBIAS through the use of continuous
time series, which is detailed in the below section.

5 | ANALYSIS OF PERFORMANCE
EFFICIENCY OF HINDCAST
OUTPUTS

5.1 | Analysis of RCM and SE time series
for the representation of change in
precipitation in time

Continues time series of meteorological parameters are
generally used for the climate change assessment. In
order to evaluate the goodness of fit of the RCMs and SEs

TABLE 3 Correlation values for training and test

Station ID
Correlation

SE_RCM SE_BARCM SE_All

Station name Training Test Training Test Training Test

8229 Akseki 0.59 0.58 0.63 0.56 0.68 0.59

17246 Karaman 0.39 0.52 0.36 0.50 0.45 0.50

17300 Antalya AP 0.57 0.56 0.61 0.59 0.63 0.51

17310 Alanya 0.61 0.66 0.66 0.68 0.67 0.70

17320 Anamur 0.57 0.50 0.72 0.66 0.73 0.67

17898 Seydisehir 0.60 0.44 0.65 0.43 0.66 0.48

17928 Hadim 0.54 0.40 0.63 0.58 0.66 0.58

17954 Manavgat 0.69 0.60 0.71 0.63 0.72 0.65

Abbreviations: RCM, regional climate model; SE, superensemble.

TABLE 4 RMSE (mm) values for training and test

Station ID
RMSE

SE_RCM SE_BARCM SE_All

Station name Training Test Training Test Training Test

8229 Akseki 3.23 3.38 3.06 3.49 2.86 3.33

17246 Karaman 0.83 0.67 0.84 0.66 0.75 0.65

17300 Antalya AP 3.54 3.59 3.42 3.48 3.34 3.74

17310 Alanya 2.94 2.75 2.77 2.70 2.74 2.64

17320 Anamur 2.45 3.19 2.06 2.76 2.02 2.74

17898 Seydisehir 1.50 2.47 1.42 2.49 1.39 2.40

17928 Hadim 1.37 1.91 1.26 1.69 1.22 1.68

17954 Manavgat 2.55 3.40 2.48 3.30 2.44 3.23

Abbreviations: RCM, regional climate model; RMSE, root mean square error; SE, superensemble.
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TABLE 5 PBIAS (%) values for training and test

Station ID
PBIAS

SE_RCM SE_BARCM SE_All

Station name Training Test Training Test Training Test

8229 Akseki 1.87 −5.76 2.67 −8.24 1.51 −4.66

17246 Karaman −0.19 0.64 −0.17 0.55 1.37 −4.54

17300 Antalya AP −1.40 4.35 −1.80 5.61 −2.43 7.56

17310 Alanya −1.29 3.71 −0.80 2.31 −0.72 2.07

17320 Anamur −5.00 10.94 −2.69 5.88 −2.79 6.11

17898 Seydisehir −2.32 6.04 −2.54 6.61 −2.53 6.59

17928 Hadim −2.97 8.40 −2.36 6.67 −1.82 5.15

17954 Manavgat −3.06 8.08 −2.85 7.54 −2.98 7.88

Abbreviations: RCMs, regional climate models; SEs, superensembles.

FIGURE 2 Comparison of

statistical performance

indicators (SPIs) with observed

for single regional climate

models (RCMs) and

superensembles (SEs) for test

dataset [Colour figure can be

viewed at

wileyonlinelibrary.com]
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with respect to the observed precipitation over the period
between 1971 and 2005, continuous monthly average
time series are used. Table 6 shows the comparison of
SPIs calculated for individual models in ensemble sets
and relevant SEs based on the goodness of fit of the
change of monthly precipitation in time. Figure 3 gives a
comparison of the performance of raw and bias-adjusted
RCM outputs in the ensemble set, and SEs with the refer-
ence data on Taylor diagrams. Our goal here is to evalu-
ate the performances of readily available raw and bias-
adjusted RCM outputs and SEs generated in this study.
Similar to raw RCMs, bias-adjusted RCM outputs are
obtained from CORDEX database. It should be noted
here that bias-adjustments for these RCMs were carried
out using reference data sets of WFDEI and MESAN
while SEs generated in this study used datasets of MSs.
SEs which are tuned using data of the study area,

combine prediction abilities of multiple models and
adjust to local data. Thus, the cost of local data collection
and ensembling should be taken into account while com-
paring raw and bias-adjusted RCM results with those
of SEs.

As it is seen in Figure 3, the ranking of raw RCMs
regarding the skill to reproduce the monthly time series
differs at each MS. On the other hand, RCM4 shows the
worst performance among the four RCMs at the majority
of stations, particularly due to relatively higher RMSE
values, whereas skill for the remaining three models is
similar at most of the stations. Regarding the bias-
adjusted outputs, the performance is even more diverse
considering different MSs.

Comparison on Taylor diagram shows that depending
on the methodology the bias-adjustment has added better
simulation performance to raw models only for certain

TABLE 6 Correlation, PBIAS (%), and RMSE (mm) values for SE and RCM time series

Station ID SPI

4 RCMs

SE_RCM

12 BA RCMs

SE_BARCM

16 RCMs

SE_AllWorst Best Worst Best Worst Best

8229
Akseki

Corr 0.41 0.49 0.59 0.35 0.51 0.61 0.35 0.51 0.66

RMSE 4.42 3.84 3.27 4.01 3.62 3.23 4.42 3.62 2.98

PBIAS 37.1 4.04 0.00 45.45 12.25 −16.26 45.45 4.04 −0.30

17300
Antalya AP

Corr 0.39 0.49 0.57 0.32 0.54 0.60 0.32 0.54 0.60

RMSE 4.54 3.9 3.55 4.59 3.82 3.43 4.59 3.82 3.44

PBIAS 23.34 12.96 0.00 26.85 −0.74 −0.34 26.85 −0.74 −0.52

17310
Alanya

Corr 0.44 0.54 0.62 0.42 0.56 0.67 0.42 0.56 0.68

RMSE 4.02 3.46 2.9 3.57 3.21 2.75 4.02 3.21 2.72

PBIAS 26.72 16.02 0.00 35.07 25.57 0.00 35.07 16.02 −0.01

17898
Seydisehir

Corr 0.33 0.44 0.54 0.2 0.47 0.57 0.20 0.47 0.59

RMSE 2.50 2.18 1.79 2.65 1.95 1.75 2.65 1.95 1.70

PBIAS 74.24 52.72 0.00 81.94 22.43 −0.01 81.94 22.43 −0.03

17928
Hadim

Corr 0.30 0.39 0.49 0.28 0.49 0.61 0.28 0.49 0.63

RMSE 1.89 1.82 1.52 1.9 1.68 1.38 1.90 1.68 1.35

PBIAS 48.19 42.45 0.00 17.47 0.45 0.00 48.19 0.45 −0.05

17954
Manavgat

Corr 0.50 0.56 0.66 0.47 0.58 0.68 0.47 0.58 0.7

RMSE 3.70 3.41 2.79 3.57 3.31 2.71 3.70 3.31 2.66

PBIAS 17.23 −1.14 0.00 13.79 −0.29 0.00 17.23 −0.29 0.00

17320
Anamur

Corr 0.31 0.41 0.55 0.12 0.5 0.71 0.12 0.50 0.68

RMSE 3.70 3.52 2.66 3.66 3.22 2.24 3.70 3.22 2.39

PBIAS 84.93 74.81 0.00 78.16 59.92 −1.90 84.93 59.92 −5.77

17246
Karaman

Corr 0.31 0.37 0.42 0.2 0.33 0.39 0.20 0.37 0.46

RMSE 2.65 1.65 0.79 2.64 1.16 0.80 2.65 1.16 0.73

PBIAS −107.13 −30.47 0.00 −100.22 −4.46 0.00 −107.13 −4.46 0.00

Note: The best performing model for each station is given in bold.
Abbreviations: RCM, regional climate model; RMSE, root mean square error; SE, superensemble.
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MSs but not for all MSs. For example, CDFT bias-
adjusted model outputs achieve better performance over
other bias-adjusted versions for arid climate Karaman
station, particularly due to reduction in error reflected
by lower RMSE and PBIAS, but the same bias-adjusted
outputs do not provide any significant improvement
over raw RCMs for coastal Manavgat station. Further-
more, for Hadim station post-processing with the DBS
method diminished the performance of climate models
by increasing RMSE and decreasing the correlation coef-
ficient for the precipitation time series. However,
despite the variability of performances of individual
models the analysis for eight stations agrees on a typical
improvement provided by superensembling in the good-
ness of fit of the modelled with observed time series
(Figure 3).

Ensembling provides up to 42% improvement in cor-
relation and between 20 and 72% improvement in RMSE,
relative to the best single model considering the change
in monthly precipitation in time. It is seen that the higher
the number of well-performing single models in an
ensemble set and the better range of the performance of
models in the set, the better performance obtained
through ensembling (Table 6). The total bias is

significantly reduced with ensembling decreasing the
PBIAS to zero for all SE_RCM formed by the raw RCMs
and at four locations for SE_BARCM. For SE_All, PBIAS
values are also reduced significantly, ranging between
0 and −5.77 with the highest PBIAS value in Anamur sta-
tion (MS 17320). Hence, as it can be seen in Table 6, a
comparison of 35-year monthly average precipitation
time series validates the better performance of SEs over
the raw and bias-adjusted models in ensemble member
sets. Moreover, it can be concluded that among the tree
SEs, SE_All formed by the use of all 16 RCM outputs pro-
vided the best performance in general.

For the verification of the improvement provided by
ensembling regarding the representation of the reference
data, the same analysis is repeated with two other refer-
ence data sets. The reference data that are originally used
to produce the bias-adjusted RCMs, that is, MESAN refer-
ence data for QMAP and DBS45 bias-adjusted RCMs, and
WFDEI reference data for CDFT bias-adjusted RCMs, are
taken as the reference data for the reproduction of SE
time series (SE_RCM, SE_BARCM, and SE_All). In addi-
tion, these reference data are used as the benchmark to
calculate the performance measures for the evaluation of
simulation skills.

FIGURE 3 Comparison of raw and bias-adjusted regional climate models (RCMs), and three superensembles (SEs) (SE_RCM,

SE_BARCM, SE_All) with observed monthly average precipitation [Colour figure can be viewed at wileyonlinelibrary.com]

10 MESTA AND KENTEL

http://wileyonlinelibrary.com


FIGURE 4 Percent difference of regional climate model (RCM)-calculated annual precipitation climatology from observed [Colour

figure can be viewed at wileyonlinelibrary.com]

FIGURE 5 Percent difference of regional climate model (RCM)-calculated seasonal precipitation climatology from observed for winter

and spring ((a) winter and (b) spring, for all seasons, top left is the comparison of RCM1 and its bias-adjusted versions with superensembles

(SEs), top right is the comparison of RCM2 and its bias-adjusted versions with SEs, bottom left is the comparison of RCM3 and its bias-

adjusted versions with SEs, bottom right is the comparison of RCM4 and its bias-adjusted versions with SEs) [Colour figure can be viewed at

wileyonlinelibrary.com]
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In order to enable a comparison between outputs of
the use of different reference datasets, the analysis is
done for the period between 1989 and 2003 that is the
timeframe in which precipitation time series data are
available for all eight MSs and all reference datasets. To
distinguish the potential added-value of super-
ensembling, the different raw and bias-adjusted RCMs,
and calculated SE time series are evaluated in compari-
son with the benchmark of: (a) ground-based
observation (OBS), (b) WFDEI, and (c) MESAN as
reference data.

The analysis results are provided in Tables A1–A3,
Appendix. As it can be seen in Appendix, regardless of
the different reference datasets used for ensembling,

SE_All generated from 16 RCM outputs still provides the
best performance in general.

5.2 | Analysis of RCMs and SE for the
representation of precipitation climatology
in study area

The precipitation climatology for eight MSs within the
case study area is compared with the hindcast results of
four RCMs. The bias-adjusted hindcast results and SE
outputs are also included in the analysis to identify the
type and degree of change added to the RCMs by post-
processing for bias adjustment and ensembling.

FIGURE 6 Percent difference of regional climate model (RCM)-calculated seasonal precipitation climatology from observed for summer

and fall ((a) summer and (b) fall, for all seasons, top left is the comparison of RCM1 and its bias-adjusted versions with superensembles

(SEs), top right is the comparison of RCM2 and its bias-adjusted versions with SEs, bottom left is the comparison of RCM3 and its bias-

adjusted versions with SEs, bottom right is the comparison of RCM4 and its bias-adjusted versions with SEs) [Colour figure can be viewed at

wileyonlinelibrary.com]
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The percent difference in the annual climatology
between modelled and observed shows that the best projec-
tions are obtained by the application of the SE to climate
models (Figure 4). Considering the annual climatology, all
four RCMs are seen to operate most successfully at
Manavgat station (MS 17954). Additionally, at Hadim sta-
tion (MS 17928) despite relatively poor projections from
raw RCMs, bias adjustment methodologies create signifi-
cant improvement in the reproduction of the annual clima-
tology. On the other hand, at certain stations including
Akseki (MS 8229), and Antalya AP (MS 17300) raw RCM
outputs are seen to reproduce annual climatology better
than the bias-adjusted outputs. Therefore, regarding the
annual climatology, it is to say that not all bias adjustment
methodologies create a decrease in simulation error at all
locations. However, ensembling improves the estimation of
annual climatology for all the stations.

Figures 5 and 6 depict the seasonal simulation perfor-
mance of the raw RCMs in comparison with their bias-
adjusted versions and with the SEs. Note that the y axis
represents the percent difference of model estimations of
seasonal precipitation climatology from the observed. As
can be seen in Figures 5 and 6, the simulation

performance of RCMs regarding the accuracy of seasonal
precipitation climatology also varies at different locations.
At Karaman station (MS 17246) with a dry continental cli-
mate with cold winters, four RCMs and their bias-adjusted
outputs tend to overestimate winter and fall precipitation
and underestimate summer and spring precipitation,
although variations are seen for different methods of bias
adjustment. For all other seven locations with relatively
high total precipitation, winter climatology is generally
underestimated by four RCMs even after bias adjustment.
Underestimation of winter precipitation is more pro-
nounced in inland stations (e.g., Seydisehir, Hadim) com-
pared to the coastal stations (Akseki, Antalya, Manavgat).

At all MSs for winter (Figure 5a), the wettest season
of the year in the region, and for fall (Figure 6b), the cli-
matology reproduced by SE has a low difference from
observed relative to the other seasons. On the other hand,
the size of the error of SEs in seasonal climatology
increases for the reproduction of summer (Figure 6a) and
spring (Figure 5b) climatology. The error in summer cli-
matology for SEs is more pronounced at coastal MSs
(Manavgat, Antalya, Alanya, and Anamur, Figure 6a).
The SEs significantly overestimate the summer

FIGURE 7 Box plot of observed and modelled monthly average precipitations at (a) Manavgat (MS 17954) and (b) Karaman (MS 17246)

stations in the study period [Colour figure can be viewed at wileyonlinelibrary.com]
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climatology with an error highly exceeding 100% of the
observed for those stations, even though it is seen to per-
form very well for the reproduction of winter and fall cli-
matology (Figures 5a and 6b, respectively) with errors
remaining less than 13% at the majority of the coastal
stations.

Hence, although SEs are seen to be successful in rep-
roducing the annual climatology and seasonal climatol-
ogy for winter and fall and outperform single raw and
bias-adjusted models, for summer and spring they fail to
reproduce the precipitation climatology. The error is
highest in the SE_RCM that is composed mainly of raw

FIGURE 8 Quantile–quantile plots of modelled versus observed monthly average precipitation (mm/day) for Manavgat (MS 17954) and

Karaman (MS 17246) stations (top row plots are for Manavgat station (MS 17954) (a) raw regional climate models (RCMs) and SE_RCM,

(b) bias-adjusted RCMs and SE_BARCM, (c) raw and bias-adjusted RCMs, and SE_All; bottom row plots are for Karaman station

(MS 17246), (d) raw RCMs and SE_RCM, (e) bias-adjusted RCMs and SE_BARCM, and (f) raw and bias-adjusted RCMs, and SE_All)

[Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 9 Comparison of time series of modelled versus observed monthly average precipitation at Karaman (MS 17246) station

[Colour figure can be viewed at wileyonlinelibrary.com]
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RCMs. For SEs, error in the summer climatology is par-
ticularly significant for Anamur, Manavgat, Alanya, and
Antalya stations, all of which are coastal stations.

5.3 | Analysis of RCM and SE time series
for the representation of the precipitation
variability in the study area

The analysis of the ability to reproduce the variability of
the monthly average precipitation indicates that although
SEs outperform single models in reproducing the aver-
ages and intensity of the high return period events within
the 25th–75th percentile range, it fails to predict the
potential extreme events, as can be seen in Figure 7. Even
though the single models composing SEs contain rela-
tively higher variability by including estimations for
extreme conditions (i.e., high, and low extremes) super-
ensembling tends to reduce the extremes and concentrate
the precipitation projections around the median value.
Moreover, in Figure 7, it is seen that SE_All time series
that have the best correlation and RMSE values at the
majority of MSs incline most to force the extremes closer
to the mean value. The same behaviour is observed both
for coastal stations (e.g., Manavgat) with relatively high
precipitation and for dry climate, inland stations
(e.g., Karaman) (Figure 7).

The characteristic of SE outputs reducing wet and dry
extremes is also evident from the quantile–quantile plots
of modelled versus observed data (Figure 8). The repro-
duction of the time series around the precipitation clima-
tology potentially creates lower accuracy in the
simulation of hydrological extreme events such as dry
spells and potential floods due to high storm events
(Figure 9).

6 | CONCLUSION

In this study, a multi-model analysis is done using 4 raw
RCMs and their 12 bias-adjusted outputs from the COR-
DEX database to evaluate the representativeness for local
climate conditions at eight ground-based meteorological
monitoring stations in Turkey. The analysis aims to test
the adequacy of the climate model outputs to be used for
climate change impact assessment. In addition to the
hindcast outputs, three SEs are formed in this study to
assess potential improvement and advantages of the use
of ensembling which is a cost and time-effective method
that can be practically used in impact assessment studies
particularly for reducing climate model uncertainties.

Comparison of the raw RCMs and bias-adjusted out-
comes with SEs verifies that bias-adjusted outcomes of

RCMs do not necessarily improve the quality of projec-
tion relevant to the purposive and/or areal focus of the
study.

Analysis of a single model may cause biases in the
assessment since not every model performs at its best at
all locations as seen from the Taylor diagrams showing
relatively weak performance of RCM4 at certain MSs.
Similarly, as the range of SPI values, Taylor diagram
comparisons and seasonal evaluation for each MS verify,
the variability of the performance of bias-adjusted out-
puts to reproduce the inter- and intra-annual change in
precipitation creates the necessity for testing against
observed. Hence, parallel to the general understanding,
in climate impact assessment studies, it is important to
choose the use of multi-model analysis over single model
analysis and to test and validate the performance of each
model specific to the study area before use. This becomes
more prominent particularly for regions with a complex
topography and climate features such as Turkey and the
Mediterranean basin.

Despite the variability of the individual models in
ensemble sets, all SEs are seen to improve the goodness
of fit of precipitation time series to the observed with an
increase in correlation up to 42%, and an increase in
RMSE up to 72% relative to the best single model in the
study. However, SE is observed to be significantly
affected by the performance of the composing single
models. The better result is achieved by the use of bias-
adjusted outputs compared to the raw climate projec-
tions. Moreover, SE_All is seen to perform best compared
to SE_RCM and SE_BARCM which can be interpreted as
the increased number of models has a positive
impact on SE.

In this study, it is also seen that SE creates superior
results over single models in reducing the total error and
reproducing annual climatology. On the other hand, its
performance may again vary depending on the seasonal-
ity of the study area. SE reduces the error in seasonal cli-
matology relative to the single model analysis including
raw and bias-adjusted RCMs for winter and fall seasons.
However, it is seen that even the SE that has high perfor-
mance in reproducing annual climatology and has a good
correlation with the monthly average time series has the
drawback of significant overestimation of summer clima-
tology particularly at coastal MSs and has a poor simula-
tion ability considering the extremes in precipitation.
Both high storm events and dry periods are seen to be
underestimated by the SE that causes the estimations to
concentrate around the mean climatology. Therefore, it is
concluded that superensembling improves correlation
coefficient and RMSE but as a trade-off extremes are
underrepresented. This effect of superensembling might
be a significant concern for impact assessment studies
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particularly for studies focusing on impacts of extreme
hydrological conditions such as floods and drought con-
ditions. Complete evaluation of the reproduction of wet
and dry extremes should include analysis of daily datasets
which is reserved as the topic of a future study.
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APPENDIX A: EVALUATION OF THE MONTHLY PRECIPITATION TIME SERIES OUTPUTS FOR THE
SKILL OF THE REPRODUCTION BASED ON DIFFERENT REFERENCE DATA

TABLE A1 Correlation, PBIAS (%), and RMSE (mm) values indicating the goodness of fit to the ground-based observation reference

data for the monthly time series of SE(OBS)a and RCMs

Station ID SPI

4 RCMs

SE_RCM

12 BA RCMs

SE_BARCM

16 RCMs

SE_AllWorst Best Worst Best Worst Best

8229
Akseki

Corr 0.42 0.48 0.57 0.27 0.47 0.56 0.27 0.48 0.65

RMSE 4.37 3.78 3.23 3.96 3.53 3.66 4.37 3.53 3.16

PBIAS 23.6 11.6 −13.3 36.3 0.44 −53.2 36.3 0.44 −18.01

17300
Antalya AP

Corr 0.34 0.50 0.59 0.27 0.56 0.66 0.27 0.56 0.66

RMSE 4.73 4.10 3.73 4.69 4.04 3.53 4.73 4.04 3.51

PBIAS 30.2 15.7 0.00 32.7 −3.13 −1.37 32.7 3.13 −1.02

17310
Alanya

Corr 0.46 0.50 0.61 0.34 0.54 0.65 0.34 0.54 0.70

RMSE 4.33 3.42 2.92 3.72 3.27 2.80 4.33 3.27 2.65

PBIAS −29.7 22.2 0.00 40.1 22.7 0.00 40.1 22.2 −0.18

17898
Seydisehir

Corr 0.24 0.51 0.55 0.10 0.46 0.54 0.10 0.51 0.66

RMSE 2.72 2.26 1.92 2.85 2.10 1.94 2.85 2.10 1.72

PBIAS 75.7 53.4 4.68 82.7 25.0 0.00 82.7 25.0 −0.38

17928
Hadim

Corr 0.29 0.48 0.54 0.25 0.48 0.59 0.25 0.48 0.65

RMSE 1.76 1.56 1.34 1.85 1.63 1.29 1.85 1.56 1.21

PBIAS 44.4 36.5 0.00 −21.0 6.00 0.00 44.4 6.00 −0.64

17954
Manavgat

Corr 0.49 0.54 0.66 0.41 0.55 0.67 0.41 0.55 0.70

RMSE 3.73 3.44 2.77 3.65 3.29 2.74 3.73 3.29 2.65

PBIAS 14.6 −4.13 0.00 15.4 −0.70 −0.37 15.4 −0.70 −0.18

17320
Anamur

Corr 0.34 0.47 0.57 0.10 0.53 0.69 0.10 0.53 0.70

RMSE 3.48 3.31 2.47 3.44 3.06 2.17 3.48 3.06 2.17

PBIAS 84.2 72.7 0.00 77.1 58.5 −1.61 84.2 58.5 −4.72

17246
Karaman

Corr 0.33 0.44 0.48 0.17 0.44 0.42 0.17 0.44 0.50

RMSE 2.67 1.43 0.71 2.52 1.14 0.74 2.67 1.14 0.66

PBIAS −116 −24.6 0.00 −108 5.05 −0.17 −116 5.05 0.00

Note: The best performing model for each station is given in bold.
Abbreviations: RCM, regional climate model; RMSE, root mean square error; SE, superensemble.
aSE(OBS): SE_RCM, SE_BARCM, or SE_All time series generated by the use of the ground-based observation reference data.
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TABLE A2 Correlation, PBIAS (%), and RMSE (mm) values indicating the goodness of fit to the WFDEI reference data for the monthly

time series of SE(WFDEI)a and RCMs

Station ID SPI

4 RCMs

SE_RCM

12 BA RCMs

SE_BARCM

16 RCMs

SE_AllWorst Best Worst Best Worst Best

8229
Akseki

Corr 0.40 0.55 0.59 0.25 0.52 0.59 0.25 0.55 0.65

RMSE 4.24 2.69 1.90 3.21 2.36 1.97 4.24 2.36 1.79

PBIAS −54.6 −5.15 4.43 −44.7 2.51 −22.6 −54.6 2.51 3.64

17300
Antalya AP

Corr 0.36 0.51 0.60 0.29 0.56 0.66 0.29 0.56 0.66

RMSE 4.06 3.46 3.04 4.02 3.32 2.91 4.06 3.32 2.89

PBIAS 20.9 4.52 0.00 23.8 2.01 −1.02 23.8 2.01 −0.72

17310
Alanya

Corr 0.49 0.53 0.67 0.37 0.57 0.68 0.37 0.57 0.72

RMSE 4.04 2.98 2.42 3.26 2.82 2.37 4.04 2.82 2.24

PBIAS −35.1 18.9 0.00 37.6 19.5 0.00 37.6 18.9 −0.15

17898
Seydisehir

Corr 0.30 0.51 0.57 0.13 0.49 0.61 0.13 0.51 0.70

RMSE 2.81 2.36 1.91 2.96 2.13 1.86 2.96 2.13 1.66

PBIAS 77.1 56.0 0.00 83.7 29.3 0.00 83.7 29.3 −0.25

17928
Hadim

Corr 0.29 0.47 0.53 0.22 0.50 0.62 0.22 0.50 0.69

RMSE 2.80 2.68 2.17 2.67 2.36 2.01 2.80 2.36 1.85

PBIAS 60.9 55.3 0.00 38.3 14.8 −0.16 60.9 14.8 −1.28

17954
Manavgat

Corr 0.48 0.58 0.68 0.39 0.59 0.71 0.39 0.59 0.73

RMSE 3.71 3.32 2.66 3.66 3.15 2.57 3.71 3.15 2.48

PBIAS 14.02 −4.78 0.00 14.8 −1.33 −0.61 14.8 1.33 −0.24

17320
Anamur

Corr 0.33 0.45 0.56 0.10 0.52 0.69 0.10 0.52 0.70

RMSE 3.15 2.98 2.22 3.11 2.71 1.95 3.15 2.71 1.98

PBIAS 83.4 71.4 0.00 76.0 56.5 −1.11 83.4 56.5 −6.40

17246
Karaman

Corr 0.37 0.47 0.52 0.21 0.47 0.47 0.21 0.47 0.55

RMSE 2.61 1.40 0.70 2.46 1.12 0.73 2.61 1.12 0.64

PBIAS −101 −16.2 0.00 −93.6 0.45 −0.15 −101 0.45 0.00

Note: The best performing model for each station is given in bold.
Abbreviations: RCM, regional climate model; RMSE, root mean square error; SE, superensemble.
aSE(WFDEI): SE_RCM, SE_BARCM, or SE_All time series generated by the use of the WFDEI reference data.
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TABLE A3 Correlation, PBIAS (%), and RMSE (mm) values indicating the goodness of fit to the MESAN reference data for the monthly

time series of SE(MESAN)a and RCMs

Station ID SPI

4 RCMs

SE_RCM

12 BA RCMs

SE_BARCM

16 RCMs

SE_AllWorst Best Worst Best Worst Best

8229
Akseki

Corr 0.40 0.51 0.56 0.25 0.49 0.57 0.25 0.51 0.60

RMSE 4.16 3.06 2.40 3.39 2.90 2.56 4.16 2.90 2.23

PBIAS 26.4 −8.23 4.58 38.58 1.33 −35.0 38.6 1.33 4.36

17300
Antalya AP

Corr 0.29 0.44 0.50 0.26 0.49 0.57 0.26 0.49 0.58

RMSE 3.75 3.06 2.43 3.84 2.77 2.29 3.84 2.77 2.26

PBIAS −18.8 −1.66 0.00 −45.3 −0.10 −0.62 −45.3 −0.10 −0.21

17310
Alanya

Corr 0.48 0.54 0.65 0.36 0.59 0.68 0.36 0.59 0.69

RMSE 4.27 2.62 1.94 2.72 2.25 1.88 4.27 2.25 1.84

PBIAS −86.3 −9.84 0.00 14.0 0.16 0.00 −86.3 −0.16 0.00

17898
Seydisehir

Corr 0.28 0.49 0.52 0.13 0.46 0.49 0.13 0.49 0.59

RMSE 1.54 1.24 1.08 1.68 1.27 1.07 1.68 1.24 0.96

PBIAS 67.0 36.6 0.00 76.5 −1.98 −0.06 76.5 −1.98 0.00

17928
Hadim

Corr 0.24 0.42 0.46 0.30 0.39 0.44 0.24 0.42 0.50

RMSE 1.77 1.60 1.27 1.82 1.54 1.24 1.82 1.54 1.18

PBIAS 52.8 46.1 0.00 25.5 −0.69 0.00 52.8 −0.69 0.00

17954
Manavgat

Corr 0.48 0.52 0.66 0.37 0.57 0.68 0.39 0.59 0.71

RMSE 3.65 3.02 2.38 3.51 2.97 2.34 3.65 2.97 2.23

PBIAS −19.7 −0.85 0.00 −15.7 −0.46 −0.70 −19.7 −0.46 −0.53

17320
Anamur

Corr 0.32 0.45 0.55 0.11 0.52 0.66 0.11 0.52 0.68

RMSE 2.88 2.71 2.16 2.86 2.50 1.95 2.88 2.50 2.00

PBIAS 79.9 65.3 0.00 70.9 47.3 −1.75 79.9 47.3 −13.8

17246
Karaman

Corr 0.23 0.27 0.31 0.13 0.29 0.33 0.13 0.29 0.41

RMSE 2.71 1.50 0.85 2.52 1.25 0.84 2.71 1.25 0.76

PBIAS −96.3 −13.3 0.00 −88.8 2.93 −0.09 −96.3 −2.93 0.00

Note: The best performing model for each station is given in bold.
Abbreviations: RCM, regional climate model; RMSE, root mean square error; SE, superensemble.
aSE(MESAN): SE_RCM, SE_BARCM, or SE_All time series generated by the use of the MESAN reference data.

20 MESTA AND KENTEL



 

 

228 

B. PAPER 2: CHANGES IN PRECIPITATION CLIMATOLOGY FOR 

THE EASTERN MEDITERRANEAN USING CORDEX RCMS, NHRCM 

AND MRI-AGCM 

 

 

This appendix was published as Mesta, B., Sasaki, H., Nakaegawa, T., & Kentel, E. 

(2022). Changes in precipitation climatology for the Eastern Mediterranean using 

CORDEX RCMs, NHRCM and MRI-AGCM. Atmospheric Research, Volume 272, 

2022, 106140, ISSN 0169-8095, https://doi.org/10.1016/j.atmosres.2022.106140. 

 



Atmospheric Research 272 (2022) 106140

Available online 13 March 2022
0169-8095/© 2022 Elsevier B.V. All rights reserved.

Changes in precipitation climatology for the Eastern Mediterranean using 
CORDEX RCMs, NHRCM and MRI-AGCM 

Buket Mesta a, Hidetaka Sasaki b, Tosiyuki Nakaegawa b, Elçin Kentel c,* 

a Department of Earth System Science, Middle East Technical University, Ankara, Turkey 
b Department of Applied Meteorology Research, Meteorological Research Institute, Tsukuba, Japan 
c Department of Civil Engineering, Middle East Technical University, Ankara, Turkey   

A R T I C L E  I N F O   

Keywords: 
Regional Climate Model 
NHRCM 
MRI-AGCM 
Precipitation 
Mediterranean 

A B S T R A C T   

Mediterranean Basin is expected to be one of the regions most severely impacted by global climate change. 
However, the complex interactions of driving forces of climate in the region create a challenge for climate 
projections for the future. Findings from climate change studies support the inter-model and inter-regional 
variability of projections on climate change impacts. On the other hand, the studies on the evaluation of the 
simulation skills of high-resolution climate models for the region particularly for Turkey are still numbered. 
Hence, this study brings a 14-member ensemble together for the analysis of the performance efficiencies of 12 
CORDEX RCMs and two high-resolution climate models, NHRCM and MRI-AGCM, of the Japanese Meteoro-
logical Research Institute (MRI). The skill of climate models to reproduce the spatial variability of baseline 
precipitation climatology is assessed through a benchmark with reference data from 59 ground-based meteo-
rological stations across the study area. Additionally, potential changes in precipitation climatology in the short 
(2020− 2030), medium (2031–2050), and long-term (2051–2100) future are studied with a 14-member ensemble 
analysis. Projections of 14 models show significant disagreement, especially in the short-term, but most models 
project a general decrease in the precipitation in the study area in medium- and long-term under both RCP4.5 
and RCP8.5 scenarios. For RCP8.5 scenario, performance based weighted average of five climate models project a 
decrease in precipitation across the whole study area both for medium- and long-term future.   

1. Introduction 

Turkey, having Mediterranean climate characteristics is under the 
pressure of the climatic changes occurring in the Mediterranean Basin. 
According to the IPCC special report (IPCC, 2018), the Mediterranean 
region is adversely affected by climate change. The report highlights 
with medium confidence that the region is at risk of drought. The study 
of Giorgi and Lionello (2008) verifies that the Mediterranean region 
between the arid climate of North Africa and the temperate and rainy 
climate of Central Europe (i.e., the location of Turkey) is a potentially 
vulnerable region to the climatic changes induced by anthropogenic 
activities, for example, increasing concentrations of greenhouse gases. 
The findings from Giorgi (2006) support this argument defining the 
region as one of the most prominent ‘Hot-spots’ in terms of the response 
to global change and will experience a significant decrease in mean 
precipitation as well as intensified precipitation variability, particularly 

for the dry (warm) season. Furthermore, subregional analysis of the 
Mediterranean Basin indicates that unlike the central Mediterranean 
that experiences the mitigating effect of Alps against drying, the eastern 
Mediterranean is expected to be particularly under heavy impact of 
precipitation reduction (Giorgi and Lionello, 2008). Since a critical 
amount of decrease in the precipitation is expected for this region, 
Spinoni et al. (2020) conducted a global study evaluating the severity, 
frequency, and peak conditions of future drought under two represen-
tative concentration pathways (RCPs), RCP4.5 and 8.5. They used two 
drought assessment indices, i.e., the standardized precipitation index 
(SPI) and the standardized precipitation-evapotranspiration index 
(SPEI) for assessment and found that more frequent and severe droughts 
are likely for the Mediterranean region. 

Various studies focusing on the climate change impacts at different 
regions of Turkey were performed to project future climate change ef-
fects and possible outcomes in terms of different perspectives such as 
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forestry, evapotranspiration, crop yield, energy, and tourism activities 
(Fujihara et al., 2008; Özdoğan, 2011; Sen et al., 2012; Deidda et al., 
2013; Öztürk et al., 2015; Sunyer Pinya et al., 2015; Yilmaz, 2015; 
Demircan et al., 2017; Mehr and Kahya, 2017; Bucak et al., 2018; Dino 
and Akgül, 2019; Gorguner et al., 2019). Most of these studies cover the 
analysis based on a few models or for relatively small study areas. 

Mehr and Kahya (2017) studied climate change impacts on extreme 
storm events in a catchment at the Black Sea coast in northern Turkey by 
the use of two GCM (General Circulation Model) /RCM (Regional 
Climate Model) combinations under SRES-A2 and RCP8.5 scenarios, 
respectively. The study of Demircan et al. (2017) included an assessment 
for Turkey in general and its surrounding region in the greater Medi-
terranean Basin using the RegCM4.3.4 RCM (the latest version of 
Regional Climate Model system RegCM updated by the International 
Center for Theoretical Physics) for dynamical downscaling of three 
GCMs under RCP4.5 and RCP8.5 scenarios. Dino and Akgül (2019), 
using an ensemble of 14 GCMs, studied the assessment of potential 
climate change impacts on energy use and CO2 emissions from resi-
dential buildings due to the use of different cooling strategies. The study 
was performed for four cities (Izmir, Istanbul, Ankara, and Erzurum) in 
Turkey. Bucak et al. (2018) studied potential impacts on the largest 
freshwater lake in Turkey regarding the changes in significant param-
eters controlling the ecosystem dynamics under different climate change 
and land use scenarios. In their study, for the assessment of the limno-
logical changes, hydrological models were operated using the outputs 
from three GCMs and the outputs of RegCM4 based on the boundary 
conditions of two GCMs. 

In recent years, studies focusing on climate change and related im-
pacts in the region are performed with larger climate model ensembles 
providing a broader view in the analysis of uncertainties. The study 
conducted by Deidda et al. (2013) evaluated 14 RCMs from the EU-FP6- 
ENSEMBLES project and identified four best-performing models for 
precipitation. The study covered several hydrological basins from 
different parts of the Mediterranean and Izmit Bay is the selected case 
study area in Turkey. Their findings show that among 14 GCM/RCM 
combinations four RCMs are the best performing for the study area, 
particularly for hydrological assessment. Similarly, Sunyer Pinya et al. 
(2015) compared eight statistical downscaling methods applied on 15 
GCM/RCM combinations from the ENSEMBLES project for 11 catch-
ments in different parts of Europe including the Omerli basin in Istanbul 
Province as the case study area. Their findings indicated an improve-
ment in the projections with statistical downscaling methods particu-
larly based on bias correction methodologies. Additionally, the climate 
projections in their study are shown to agree in general in an increase in 
extreme precipitations at the majority of study catchments, although 
models show distinct variability regarding the magnitude of the change. 

In their study, Aziz and Yucel (2021) analyzed the climate non- 
stationarity based on the outputs of 12 CORDEX RCMs under the 
RCP8.5 scenarios based on the precipitation records of meteorological 
stations in various geographical regions of Turkey. Comparison of RCM 
outputs with observed data showed distinct inter-regional variability in 
performance skills of RCMs. Their findings show that among 12 COR-
DEX RCMs, RACMO22E and CCLM4-8-17 RCMs using HadGEM2 as the 
driving model have the highest simulation efficiency for precipitation in 
the Mediterranean Region extending parallel to the Mediterranean coast 
of Turkey. Additionally, CM5A-MR-RCA4 showed relatively high accu-
racy in simulations for almost all regions of Turkey. The analysis 
revealed inter-regional variability in changes in precipitation clima-
tology and an increased risk of water scarcity particularly for eastern 
Anatolia and Mediterranean regions of Turkey (Aziz and Yucel, 2021). 

The objective and scope of this study are the analysis of climate 
projections for a study region covering more than 200,000 km2 area in 
western and southwestern Turkey, including the Mediterranean Region 
(from hereafter will be referred to as study area or SA) using high- 
resolution climate model outcomes. Twelve CORDEX RCMs for the 
EUR-11 domain along with two additional climate models generated by 

the Japan Meteorological Agency (JMA) Meteorological Research 
Institute (MRI) are used in this study to carry out short-, medium- and 
long-term precipitation projections. The latter two models are the super 
high-resolution atmospheric climate model of MRI (MRI-AGCM), and 
MRI’s RCM, Non-Hydrostatic Regional Climate Model (NHRCM) nested 
in the boundary conditions of the MRI-AGCM. The MRI-AGCM is an 
atmospheric general circulation model (AGCM) that was developed to 
improve the regional-scale representation of the climate integrated with 
the global-scale and long-term mean climate state. The horizontal res-
olution of the grid of this model is about 20 km (Mizuta et al., 2006), 
which corresponds to high-resolution GCM data. The study by Kusunoki 
(2018) verified that MRI-AGCM3.2 provides a simulation efficiency 
higher than or similar to CMIP5 models in reproducing the average 
seasonal precipitation in East Asia majorly because of its higher hori-
zontal resolution and its cumulus convection scheme. MRI-AGCM was 
also used for future climate change studies in various parts of the world, 
including Central America (Nakaegawa et al., 2014; Kusunoki et al., 
2019) and Australia (Nakaegawa et al., 2017). 

McSweeney et al. (2015) tested the efficiency of MRICGCM3 among 
43 CMIP5 GCMs through validation against ERA-40, ERA-Interim data 
and also CRU (temperature), and GPCP, CMAP (precipitation) datasets 
for Southeast Asia, Europe, and Africa domains to identify the most 
suitable models for downscaling with the purpose of the regional anal-
ysis. The GCM, MRI-CGCM3, analyzed in their study consists of the 
atmosphere-land model (MRI-AGCM3), which is interactively coupled 
with the aerosol model (MASINGAR mk-2) along with the ocean and sea- 
ice model (MRI.COM3) (Yukimoto et al., 2012). According to the overall 
evaluation of the models, MRI-CGCM3 was found to perform relatively 
poorly in the representation of Southeast Asian Summer Monsoon (sig-
nificant biases) and West African Monsoon (biases) and replication of 
the annual temperature and precipitation cycles over Africa. On the 
other hand, regarding Europe MRI-CGCM3 was evaluated to have 
satisfactory results for the replication of the annual cycles of tempera-
ture and precipitation, circulation patterns, and storm tracks 
(McSweeney et al., 2015). Similarly, among the tested CMIP5 GCMs, 
CNRM-CM5, EC-EARTH, HadGEM2-ES that are also included as driving 
models of RCMs in our study are reported to be found satisfactory for the 
Europe domain regarding the same parameters. Although IPSL-CM5A- 
MR was reported to show weak performance particularly for the repli-
cation of the annual temperature and precipitation cycles in the Medi-
terranean (McSweeney et al., 2015). 

NHRCM is a regional climate model which was developed by 
enhancing an operational non-hydrostatic model (NHM) of MRI and the 
Numerical Prediction Division of the Japan Meteorological Agency 
(NPD/JMA) (Sasaki et al., 2008, 2011). The performance of NHRCM for 
climate simulations was thoroughly tested by several studies in Japan. 
Sasaki et al. (2008) demonstrated strong simulation performance of 
NHRCM to reproduce the precipitation and surface temperature as well 
as the inter-annual variation of surface temperature. Furthermore, it is 
shown to perform well in the simulation of extreme storm events that is 
generally a challenging task for regional climate modeling. Sasaki and 
Kurihara (2008) analyzed and verified the high skill of NHRCM to 
represent the effect of topography on precipitation in river basins 
through a comparison of the elevation-precipitation relationship 
reproduced by NHRCM with the observed. Sasaki et al. (2011) demon-
strated that NHRCM provides improved skills for local temperature and 
precipitation projections compared to AGCM. Additionally, it was tested 
for its performance for other parameters such as snow depth and storm 
tracks (Sasaki et al., 2012, 2013). 

Furthermore, various other studies were carried out for the present 
and future climate simulations of various regions of the world using 
MRI-AGCM and NHRCM, and their model performances were evaluated 
by comparing them to other global and regional models (Saito et al., 
2006; Kitoh et al., 2009, 2016; Pinzón et al., 2017; Varghese et al., 
2020). Even though Turkey was included in some of these studies, this is 
the first study that covers a detailed comparison of these two models 
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with CORDEX RCMs for the Mediterranean region. In this study, 
NHRCM grid data are generated by nesting within MRI-AGCM with a 20- 
km grid spacing. The horizontal resolution of NHRCM is 5 km in this 
study and it is run for the domain that is limited to the study area of 
concern. NHRCM integration with MRI-AGCM boundary conditions was 
conducted for 20-year timeframes to simulate present (1980–2001) and 
future (2080–2100) climate conditions. 

Given that the projections by CORDEX RCMs demonstrate inter- 
regional and inter-model variability, identification of the climate 
change impacts for the Mediterranean Region of Turkey that has a 
complex topography and climate features is a challenging task. 
Furthermore, to the best of our knowledge, the number of studies that 
include a comparison of various CORDEX RCMs for the projection skills 
for Turkey is still limited. Therefore, this study aims to provide a com-
parison of 12 CORDEX RCMs and two MRI climate models for the 
identification of the models with relatively better projection skills and to 
analyze the range of uncertainty in precipitation projections of this 14- 
member ensemble. Furthermore, the study provides a comparison of the 
projection efficiencies of a super high-resolution GCM with various high- 
resolution RCMs obtained through dynamical downscaling of CMIP5 
GCMs and with NHRCM based on the same high-resolution GCM to 
analyze the size of relative biases in the precipitation projections of each 
model. 

In this study, the skills of the models in reproducing the spatial 
variability in the climatology of the study area are evaluated. Perfor-
mances of the climate models are evaluated using monitoring data from 
ground-based meteorological stations and three commonly used model 
performance evaluation parameters: the Pearson correlation coefficient 
(Corr), root mean square error (RMSE), and percent bias (PBIAS). 
Following that, the potential change in precipitation in the short-term 
(2020–2030), medium-term (2031–2050), and long-term (2051–2100) 
future and relevant uncertainties in projections are analyzed. One of the 
objectives of this study is to provide information on potential water 
scarcity or changes that might be expected to have a significant impact 
on potential receptors (i.e., water users) in the SA through the analysis of 
potential changes in the mean precipitation. In this regard, the findings 
from the analysis are aimed to serve the future planning for the use of 
water resources in Turkey. For this purpose, different from similar 
studies in the literature that use virtually identical (roughly 30 years) 
sections of the projections on climate of 21st century (Guo et al., 2018), 
the future time-series of projections are divided to aforementioned 
short-, medium- and long-term periods. Furthermore, to assess potential 
significant changes that are likely to influence the period means 
(particularly for the long-term future between 2051 and 2100) the 
smoothed future time-series of annual total precipitation projections of 
RCMs are also analyzed. 

Fig. 1. Study area, showing the topography of the region with the locations of the meteorological stations used in this study (Overview map in the upper panel 
displays the Mediterranean Basin). 
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2. Study area 

The region of interest in this study covers a major portion of Turkey 
where the temperate climate conditions, so-called Mediterranean 
climate features, are dominantly observed (Fig. 1). The study area (SA) 
includes partially or fully, 10 of the major watersheds in Turkey. Mild, 
wet winters and warm to hot, dry summers characterize climate of the 
study area located in the greater Mediterranean Basin (Cowling et al., 
1996). The morphology of the region is complex due to sharp orographic 
features, distinct basins and gulfs, islands, and peninsulas of various 
sizes. This complex morphological structure strongly affects the atmo-
spheric circulation in the region (Lionello et al., 2006). At the transition 
zone between eastern Europe and the Middle East, the regional clima-
tology is affected not only by complex topography and inland water 
bodies but also by the Mediterranean Sea as well as by the factors 
affecting modes of variability controlling the precipitation patterns in 
Europe such as North Atlantic Oscillation (NAO) and East Atlantic West 
Russia (EAWR) climate systems (Krichak et al., 2002; Evans, 2009). As 
indicated previously, the Mediterranean Basin has significant trends in 
terms of precipitation and temperature due to climate change, which is 
likely to create strong impacts on the climatic behaviors of our study 
region. 

3. Data and methods 

3.1. Data 

The historical datasets of the 59 meteorological stations (MSs) 
operated by the General Directorate of State Meteorological Service 
(DMI) of Turkey are used as the benchmark for the validation of the 
historical data from climate models. Daily historical precipitation re-
cords of the timeframe between 1966 and 2005 are used in this study. 
The locations of these MSs are shown in Fig. 1. 

Analysis of climate projections is based on outputs of 14 climate 
models (Table 1). Among 14 climate models analyzed for the study area, 
12 are RCMs for EUR-11 Domain with approximate grid resolutions of 
12 km (0.11 degrees on a rotated coordinate system) available from the 
CORDEX database. Twelve climate models from the CORDEX database 
include the combination of five different RCMs (i.e., ALADIN53 of 
Centre National de Recherches Météorologiques (CNRM), CCLM4-8-17 
of Climate Limited-area Modeling Community (CLM-Community), 
RCA4 of Swedish Meteorological and Hydrological Institute (SMHI), 
HIRHAM5 of Danish Meteorological Institute (DMI), and RACMO22E of 
Royal Netherlands Meteorological Institute (KNMI), and WRF331F of 
Institut Pierre-Simon Laplace (IPSL-INERIS)) based on the boundary 
conditions defined by four GCMs. The combination of 12 CORDEX RCMs 
is selected to enable the assessment of the performance of at least two 

different RCMs taking the same GCM as the boundary conditions. 
The outputs of the remaining two models are from climate models 

generated by MRI. These include the outputs of the super high- 
resolution AGCM and climate projections generated for the study area 
by dynamic downscaling with the use of MRI’s NHRCM nested in the 
MRI-AGCM. Additionally, unlike other climate models used in this 
study, the NHRCM is run within the model domain limited to our study 
area in Fig. 1. Hence projections on local climate generated using 
NHRCM are expected to put more emphasis on the study area. 

MRI-AGCM uses prescribed observation-based sea-surface tempera-
tures (SST), while CMIP5 models project ocean conditions including SST 
based on ocean physics. For the present-day climate simulations, MRI- 
AGCM uses observed, historical SSTs, and sea ice concentrations. For 
the future climate simulations, future SSTs and sea ice concentrations 
are prescribed by combining three components: observed interannual 
variabilities, climatological future change in SSTs/sea-ice concentra-
tions, and linear trend in SSTs/sea-ice concentrations for a future target 
period (Mizuta et al., 2008, 2014). The methodology used for the future 
simulations in MRI-AGCM for SST and sea-ice concentrations is similar 
to the methodology that is also used by HighResMIP (High Resolution 
Model Intercomparison Project), which is one of the CMIP6-endorsed 
MIPs (Haarsma et al., 2016). 

For all the models, the historical and future projection data of the 
model grids closest to the 59 MSs are extracted from the model outputs 
using the R code developed by Kentel et al. (2019) for the analysis. 
Present climate conditions regenerated by CORDEX RCMs are obtained 
from the historical data for the period between 1966 (whenever avail-
able otherwise 1970) and 2005 whereas for MRI-AGCM and NHRCM 
present climatology is obtained from the outputs for the timeframe be-
tween 1980 and 2000. The historical data from climate models are used 
for the testing of the accuracy of these models through a comparison 
with the benchmark ground-based data. Additionally, the replicated 
present climatology is used for a comparison with the future climate 
projections to determine potential future changes in precipitation based 
on each climate model. 

The future projections on precipitation are analyzed for three pe-
riods: short-term (2020–2030), medium-term (2031–2050), and long- 
term (2051–2100) future based on RCP4.5 and RCP8.5 scenarios for 
12 CORDEX RCMs. For MRI models, due to the available data, future 
projections are analyzed only for the RCP8.5 scenario and for the long- 
term future impacts of the 2080–2100 period. The list of the names and 
relevant ID’s of the MSs, climate models and basins used in this study are 
provided in Appendix A. 

Table 1 
List of the climate models used in the study.  

Climate model (RCM/GCM) Output period Resolution Source Model number 

Driving model/ GCM (institution) Name Institution Historic Future (scenarios) 

MRI-AGCM (MRI) MRI 1979–2003 2075–2100 (RCP8.5) 0.1875◦ MRI M1 
MRI-AGCM (MRI) NHRCM MRI 1980–2001 2080–2100 (RCP8.5) 5 km MRI M2 
CNRM-CM5 (CNRM-CERFACS) ALADIN53 CNRM 1951–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M3 
CNRM-CM5 (CNRM-CERFACS) CCLM4-8-17 CLM-Community 1950–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M4 
CNRM-CM5 (CNRM-CERFACS) RCA4 SMHI 1970–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M5 
EC-EARTH (ICHEC) CCLM4-8-17 CLM-Community 1949–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M6 
EC-EARTH (ICHEC) HIRHAM5 DMI 1951–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M7 
EC-EARTH (ICHEC) RACMO22E KNMI 1950–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M8 
EC-EARTH (ICHEC) RCA4 SMHI 1970–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M9 
CM5A-MR (IPSL) RCA4 SMHI 1970–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M10 
CM5A-MR (IPSL) WRF331F IPSL-INERIS 1951–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M11 
HadGEM2-ES (MOHC) CCLM4-8-17 CLM-Community 1949–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M12 
HadGEM2-ES (MOHC) RACMO22E KNMI 1950–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M13 
HadGEM2-ES (MOHC) RCA4 SMHI 1970–2005 2006–2100 (RCP4.5, RCP8.5) 0.11◦ CORDEX Dba M14  

a CORDEX Database: ESGF, Earth System Grid Federation website, https://esgf-node.llnl.gov/search/esgf-llnl/, (CoG version v4.0.0b2, ESGF P2P Version v4.0.4). 
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3.2. Quality check for observed data and formation of baseline 
climatology 

Observed data from ground-based manual precipitation records is 
used to analyze the baseline climatology in the study region as well as to 
form a benchmark in the validation of the climate models. The quality of 
the reference data has particular importance for model validation and 
evaluations in climate change impact assessment. Therefore, a pre-
liminary quality check (QC) is applied to obtain reference data sets from 
observed data of meteorological stations. For that purpose, the daily 
time series of the observed data for each MS is screened for data gaps and 
potential errors. The data series for months with more than ten days of 
missing records are removed from the dataset and monthly average 
precipitation values are calculated. The monthly average precipitation 
time series obtained after screening and relevant climatology data (from 
hereafter will be referred to as Reference Data or RD) are used for the 
assessment of baseline distribution of precipitation that is represented 
with the baseline climatology maps of the study region, and as a 
benchmark for validation of climate models. In order to prevent po-
tential biases in precipitation climatology calculations for seasonal and 
annual terms, monthly timeseries of RD are processed to exclude the 
seasons with more than two months of missing records and years with 
more than two seasons of missing records before the calculation of 
relevant climatologies. 

3.3. Testing of model performance 

To test the model performances historical outputs are compared with 
the RD over the reference period. The reference period of each model is 
selected based on its data availability for the historic period. The per-
formance of climate models to reproduce the precipitation climatology 
is analyzed based on the accuracy of the areal representation concerning 
the spatial variation pattern in the region obtained using 59 MSs. The 
testing of model skills for reproducing spatial change in precipitation is 
done using statistical performance indicators and by comparison with 
the Taylor diagram. 

Three statistical performance indicators used for testing are Pearson 
correlation coefficient (Corr), root mean square error (RMSE), and 
percent bias (PBIAS). The equations for relevant performance indicators 
are given as follows: 

Corr =

∑n

i=1
(Oi − O)(Mi − M)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Oi − O)

2 ∑n

i=1
(Mi − M)

2
√ (1)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Mi − Oi)

2

√

(2)  

PBIAS =

∑n

i=1
(Oi − Mi)

∑n

i=1
(Oi)

× 100 (3)  

where, Oi and Mi are the ith reference and modeled climate data values 
while O and M are the mean of reference and modeled climate data 
values, respectively and n refers to the total number of data points (i.e., 
MSs). 

In addition to the assessment of model performance skills based on 
the individual performance indicators, an aggregated performance 
index (API) is generated and used to rank the models. To calculate the 
API, models are ranked three times for each indicator separately (i.e., 
ranking of all models from best to worst) and three ranks are averaged to 
find the API of each model. The model with the lowest API is considered 
to achieve the best performance in the reproduction of spatial variation 
in climatology in the study area. The mean value of the API is 7.5. 

4. Results 

4.1. Analysis of climatology 

The climatology maps of the SA are developed by the application of 
the inverse distance weighted (IDW) interpolation method on clima-
tology data of MSs in the SA. The climatology maps in the study region 
obtained using RD are given in Fig. 2. Accordingly, the coastal stations 
have the highest seasonality of precipitation in the region. Coastal MSs 
receive 50% or higher of the annual precipitation during the winter 
season (Fig. 3); however, for the summer season (June–July-August) 
precipitation is significantly low. For these MSs, summer is either 
completely dry or has a very low precipitation rate (Fig. 2(d)). As can be 
seen in Fig. 2(a), most of these stations also receive higher mean annual 
precipitation (>2 mm/day) than the rest of the MSs in the study region. 
For the SA, winter precipitation climatology ranges between 1 and 8 
mm/day, with the highest winter precipitation climatology observed at 
12 MSs in the region stretching along the Southern Mediterranean coast, 
from Western Mediterranean to the East of the Middle Mediterranean 
basin. 

The lowest annual precipitation rate is recorded for MSs in Konya 
Closed Basin, in the hinterland of the coastal Mediterranean region. For 
these inland stations, particularly for the stations that are not located in 
the proximity of any inland water body, annual mean precipitation is 
around 0.8–0.9 mm/day. At this basin, winter (December–January- 
February) and spring (March–April-May) are rainy seasons, during 
which around 60% of the annual precipitation is received. Inland MSs in 
Akarcay and Sakarya basins in western central Anatolia experience the 
lowest seasonality. These stations receive 30% or less of the annual 
precipitation during the winter season (Fig. 3). The main wet season for 
these MSs is spring (Fig. 2(c)). Nevertheless, summer is still the driest 
season of the year for these MSs (Fig. 2(d)). Summer precipitation forms 
15–18% of the annual precipitation. A comparison of the spatial distri-
bution of annual precipitation in different basins shows that Middle 
Mediterranean Basin receives more annual precipitation compared to 
neighboring watersheds. However, as can be seen from Fig. 2(a), this 
basin also has the highest spatial variability regarding precipitation 
climatology compared to the surrounding watersheds. The reason for its 
spatial variability is considered to be created by the topography and 
inland water bodies as well as the shape of the basin stretching out from 
the Mediterranean coast to farther inland in Anatolia. After the Middle 
Mediterranean Basin, Eastern Mediterranean Basin is the region with the 
second-highest spatial variability of precipitation climatology. 

4.2. Analysis of the spatial representation skills of climate models 

The annual precipitation climatology reproduced with the historical 
outputs of each climate model is compared with the benchmark RD from 
59 MSs to identify the performance skill of the models concerning the 
distribution of precipitation in the study region. In order to assess the 
model skills for the reproduction of spatial variability of precipitation in 
the SA the observed annual precipitation means for all MSs in the SA are 
compared with the simulated annual means of the closest modeling grid. 
The data series of the benchmark MSs and the relevant modeling grids 
are used to determine Corr, RMSE and PBIAS for each climate model. 

The best performance indicator values obtained from 14 climate 
models are indicated in bold in Table 2. Accordingly, NHRCM (M2) is 
among the top three models that provide the best representation of the 
spatial change in precipitation climatology with respect to Corr, RMSE 
and PBIAS. 

With respect to the correlation of spatial variation of precipitation 
climatology, the other two models with the highest skill are EC- 
EARTH_HIRHAM5 (M7) and HadGEM2-ES_RACMO22E (M13). These 
three models can represent spatial variation with a correlation coeffi-
cient of 0.78. On the other hand, respecting the model bias value EC- 
EARTH_CCLM4-8-17 (M6) is seen to perform best among all 14 
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climate models with 0.51 mm RMSE and significantly low (0.52%) 
PBIAS. In the 14-member ensemble of climate models, MRI’s NHRCM 
based on the MRI-AGCM boundary conditions (M2) shows good skill 
with relatively low bias generating the second-best RMSE and PBIAS 

values after EC-EARTH_CCLM4-8-17. The API calculated for the climate 
models verifies the best skill of NHRCM (M2) for the replication of the 
spatial distribution of precipitation in the study region. Other climate 
models with relatively better performance indexes are M6, M7, M8, and 

Fig. 2. Baseline precipitation climatology maps of the study area, (a): annual climatology, (b): winter climatology, (c): spring climatology, (d): summer climatology, 
(e): fall climatology. 

Fig. 3. Analysis of precipitation climatology properties at MSs in the study region.  
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M14. Comparison of NHRCM with MRI-AGCM results shows that the 
downscaled projections obtained by NHRCM have lower bias and better 
correlation with the RD. 

The poorest API values are calculated for M3 (CNRM-CM5_ALA-
DIN53), M4 (CNRM-CM5_CCLM4-8-17), and M11 (CM5A- 
MR_WRF331F). WRF331F is known to demonstrate poor replication 
skills for the annual precipitation trend over Greece for historical and 
RCP8.5 simulations (EURO-CORDEX, 2021). The testing of WRF331F 
for the SA verifies poor projection skill for precipitation in Turkey. 
Among the climate models, ALADIN53 has the lowest correlation with 
the spatial variability of precipitation in the SA. In fact, the poor per-
formance of ALADIN53 is considered to be related to the problematic 
SST mapping from driving GCM that is expected to cause biased pro-
jections of surface temperature, particularly for coastal areas, as re-
ported by EURO-CORDEX (2021). Biased surface temperature 
projections for coastal stations are likely to create further bias in pre-
cipitation projections. Furthermore, among the CORDEX RCMs tested in 
the study EURO-CORDEX (2021) reported potential weakness of RCA4 
in precipitation projections implied by the patchy pattern in the sum-
mer/winter rainfall index generated by RCM. However, testing of model 
performance for the SA has verified that RCA4 shows no particularly 
significant weakness relative to other climate models. According to the 
API values, the skill of RCA4 is variable depending on the driving GCM. 
RCA4 nested in HadGEM2-ES has the highest skill relative to different 
boundary conditions from EC-EARTH, CNRM-CM5, and CM5A-MR. 

The skills in precipitation dynamically downscaled with RCMs de-
pends on lateral boundary conditions derived from GCMs. The perfor-
mance indicator values, therefore, depends on both RCM and GCMs. As 
mentioned in 3.1 Data, MRI-AGCM has no biases in SST because of 
prescribed observed SSTs. However, CMIP5 models tend to contain 
biases in climatological SST because of SST simulated with ocean 
models. Indeed, MRI-AGCM generally has good skill in precipitation 
climatology, but does not always have best skills for some specific re-
gions (Ito et al., 2020). Ito et al. (2020) compared Taylor’s skill scores 
among the CMIP5 models and MRI-AGCM. The scores in the Mediter-
ranean region are distributed in range of 0.72 to 0.96 with the median of 
0.90 for the entire CMIP5 models. The subset with high Taylor’s skill 
scores for the regional precipitation has the score range of 0.92 to 0.96 
with the median of 0.93. In fact, MRI-AGCM has the lowest score of 0.90 
among the 5 CMIP5 models listed in Table 1. Therefore, highest API of 
NHRCM is not due to a GCM providing the lateral boundary conditions 
but the dynamical downscaling with NHRCM enhances API. 

Examination of the rankings of the climate models regarding API 
shows that the driving GCMs for the best-performing five models are EC- 
EARTH and HadGEM2-ES, and the driving GCMs for the worst- 
performing five models are CM5A-MR, HadGEM2-ES, and CNRM- 
CM5. Hence, that is to say, EC-EARTH performed well in projection 

with all four RCMs (CCLM4-8-17, HIRHAM5, RCA4, and RACMO22E), 
whereas the projection performance of the climate models with the 
driving model HadGEM2-ES depends on the regional climate model 
nested in it. Moreover, CNRM-CM5 and CM5A-MR as the driving models 
for different RCMs perform relatively poorly for the study area. In that 
respect, the weak performance of CNRM-CM5 as the driving model of 
different RCMs might be attributed to the problem with the boundary 
forcing conditions in CNRM-CM5 for historical runs as reported by 
EURO-CORDEX (2021). Although it is reported that the influence of the 
technical error related to the inconsistent boundary forcing use in 
CNRM-CM5 is expected to be weak on climate scale, the relevant 
problem might be a factor for relatively low performance of this GCM in 
historical simulations for the SA. 

Regarding climate model performances in the Mediterranean and 
Aegean Region of Turkey between 1971 and 2005, Aziz and Yucel 
(2021) reported two RCMs, RACMO22E (M13 of the current study) 
(from hereafter, the model ID used in the current study is given in 
parenthesis) and CCLM4-8-17 (M12) (driving GCM: HadGEM2-ES) in 
the 12-member CORDEX ensemble, to have the best correlation and 
RMSE values for the replication of the mean daily precipitation clima-
tology and the change in monthly mean precipitation in time. EC- 
EARTH_RACMO22E (M8), EC-EARTH_RCA4 (M9), and CM5A- 
MR_RCA4 (M10) are also among the models reported with a relatively 
better performance ranking. Furthermore, the models CNRM- 
CM5_ALADIN53 (M3), CNRM-CM5_CCLM4-8-17 (M4), and CM5A- 
MR_WRF331F (M11) reported by Aziz and Yucel (2021) to be weak in 
reproduction of the temporal change in precipitation in most of the re-
gions of Turkey are identified to be weak in the representation of spatial 
variability of precipitation in the SA producing relatively poor API 
values in our evaluation as well. Hence, the performance indicators 
including API calculated in our study for the representation of the spatial 
variability of the precipitation climatology are similar to the findings 
from that recently published previous study focusing on performance 
regarding the replication of temporal change of precipitation, although 
differences exist depending on the differences in criteria and metrics 
used in this study. 

Taylor diagram to compare the model performances is given in 
Fig. 4. According to Fig. 4, for the study region, four RCMs (M2, M6, M8, 
and M10) are notable in their better performance skills over the rest of 
the climate models. According to the overall evaluation based on API 
and Taylor diagram, three climate models identified with the best per-
formance skill in the spatial representation of climatology at the SA are 
M2: NHRCM with MRI-AGCM boundary conditions, M6: EC-EARTH - 
CCLM4-8-17, and M8: EC-EARTH- RACMO22E. 

4.3. Future projections on precipitation 

For the analysis of future projections, the division of time-series of 
RCM outputs are done to generate information that might be useful for 
decision-makers for short-, medium-, and long-term planning against 
potential water scarcity at different parts of Turkey. Hence, the analysis 
is focused on the immediate future (2020–2030), medium-term future 
(2031–2050) that will be the second stage for mitigation planning and 
the long-term future for mitigation planning in the long horizon. In that 
scope, the projections of 12 CORDEX RCMs are assessed for short-term 
(2020–2030), medium-term (2031–2050), and long-term (2051–2100) 
through a comparison with the annual precipitation climatology of the 
reference period. 

RCP8.5 scenario projections for the 2080–2100 timeframe from two 
high-resolution MRI climate models are also added to the analysis for the 
assessment of the potential changes in long-term future precipitation. 

The percent change in precipitation for the projection period is 
calculated as follows: 

Percent change in precipitation =
ΔP
PRef

× 100 (4) 

Table 2 
Performance indicator values for climate models.  

ID Model name Corr RMSE (mm) PBIAS (%) API 

M1 MRI-AGCM 0.73 0.76 − 20.35 8.00 
M2 NHRCM 0.78a 0.55 2.91 1.67 
M3 CNRM-CM5_ALADIN53 0.32 0.92 − 17.09 11.67 
M4 CNRM-CM5_CCLM4-8-17 0.66 0.90 − 35.93 12.67 
M5 CNRM-CM5_RCA4 0.67 0.75 − 3.25 7.00 
M6 EC-EARTH_CCLM4-8-17 0.73 0.51 0.52 3.00 
M7 EC-EARTH_HIRHAM5 0.78 0.70 3.80 4.00 
M8 EC-EARTH_RACMO22E 0.75 0.59 8.04 5.00 
M9 EC-EARTH_RCA4 0.70 0.66 6.26 6.67 
M10 CM5A-MR_RCA4 0.68 0.75 28.99 10.00 
M11 CM5A-MR_WRF331F 0.61 1.08 − 30.05 13.33 
M12 HadGEM2-ES_CCLM4-8- 

17 
0.72 0.89 − 27.58 10.00 

M13 HadGEM2-ES_RACMO22E 0.78 0.87 − 25.93 7.67 
M14 HadGEM2-ES_RCA4 0.76 0.65 − 4.55 4.33  

a The best values are indicated in bold. 
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where, ΔP is the difference in the precipitation climatology between the 
projection period (e.g., 2020–2030 for short-term) and reference period, 
and PRef is the climatology of the reference period. The data on percent 
change in precipitation at modeling grids in the SA are processed to 
obtain spatial variability of the change within the area. For that purpose, 
point data of grids are converted to surface data using the IDW inter-
polation method of the Spatial Analyst tool of ArcGIS 10.0. Maps in 
Fig. 5 to Fig. 11 show the projections on percent change in annual 
precipitation climatology for 59 MSs in the SA based on 14 climate 
model outputs. The comparison of results indicates that projections of 14 
models for the region include significant variability not only for the 
quantity but also for the direction of the change in precipitation 
climatology. To overcome the inter-model variability due to un-
certainties, various multi-model ensemble (MME) methodologies can be 
followed. The selected MME approach might range from simple methods 
such as multi-model simple averaging, or multi-model weighted aver-
aging based on some model performance metrics (Tebaldi and Knutti, 
2007; Christensen et al., 2010), to more complex methodologies such as 
synthesis of the models using multiple regression (i.e., Superensemble 
method) (Stefanova and Krishnamurti, 2002; Krishnamurti et al., 2016; 
Mesta and Kentel, 2021), Artificial Neural Networks (Boulanger et al., 
2006, 2007; Cakir et al., 2013), Bayesian hierarchical modeling or 
Bayesian model averaging (BMA) (Wang et al., 2014, 2016) to achieve 
probabilistic projections through ensembling. Respecting the main 
objective of this study, a relatively simple approach, based on weighted 
averaging constructed according to the simulation skills of the models, is 
used. Hence, the MME method used in this study is limited to a linear 
deterministic approach that is referred to as Performance-based 
Weighted Average (PBWA) and calculated as detailed below. The 
objective of the use of PBWA is to obtain a general understanding of the 
range of impact on precipitation that is projected by the individual 
climate models that are defined to have the highest simulation skills. 

The projection maps between Figs. 5 and 10 also provide maps based 
on PBWA of CORDEX models for the relevant projection periods. The 
PBWA of projections on percent change in precipitation climatology is 
calculated as follows: 

PBWA =

∑n

i=1

[
1

APIi
× (Percent change in precipitation)i

]

∑n

i=1

1
APIi

(5)  

where, i is the index for the models used in PBWA of projections on 
percent change. Here, the best performing five CORDEX models (i.e., n 
= 5) identified according to the API (i.e., M6, M7, M8, M9, M14; see 
Table 2) are used to generate PBWA. Only for long-term future for the 
RCP8.5 scenario (Fig. 10), two PBWA of projections are generated, the 
first (i.e., PBWA-1) using five best performing CORDEX models (i.e., M6, 
M7, M8, M9, M14) and the second (i.e., PBWA-2) using NHRCM plus 
four best performing CORDEX models (M6, M7, M8, M14). In Figs. 5 to 
10, the map of the PBWA of percent change in precipitation climatology 
of 59 MSs in the SA is shown in the last row. Additionally, the projection 
map of the best performing CORDEX model (i.e., M6; see Table 2 and 
Fig. 4) is written in bold. 

The significance of the change in precipitation is tested by the use of 
Welch’s two-sample t-test (or unequal variances t-test). t-test was 
applied to annual precipitation time series from the climate model 
projections for the reference versus future short-, medium- and long- 
term periods. The results of the test indicating statistically non- 
significant change according to the 95% confidence level are shown as 
hatched on the percent precipitation change maps for each climate 
model. The surface data on the significance of the results are produced 
by using the IDW method. However, it should be noted that, t-test is not 
applicable to the PBWA results that are calculated directly from percent 
change projections and hence is not shown on the relevant maps. 

In addition to the analysis of potential changes concerning long-term 
means of annual total precipitation for short-, medium-, and long-term 
future, the interannual fluctuations in total precipitation are also 
assessed to detect any potentially significant change within these pe-
riods, particularly for the 50-year long long-term future. For that pur-
pose, smoothing by non-parametric regression is applied to total annual 
precipitation time-series from RCMs. The LOESS (Locally Estimated 
Scatterplot Smoothing) is used to filter the annual time series to remove 
local fluctuations for the assessment of long-term precipitation patterns 
under the climate change conditions. LOESS is based on iteratively 

Fig. 4. Taylor diagram of climate models.  
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applied weighted least squares regression, computed locally to obtain 
smooth curves from large size data sets (Cleveland, 1979; Cleveland and 
Devlin, 1988). LOESS is frequently used for the smoothing of climate 
data sets, and data sets in various fields of study to produce an empiri-
cally fitted curve calculated through LOESS regression (Jacoby, 2000; 
Della-Marta and Wanner, 2006; Toreti et al., 2010; Steinacker, 2021). 

For the short-term future under the RCP4.5 scenario, the maximum 
range for 12-member CORDEX model ensemble shows an increase in 
precipitation up to 24% and a decrease up to 22% at different locations 

in SA (Fig. 5) indicating an intra-regional variability in the size and type 
of impact on precipitation. As can be seen in the PBWA map of Fig. 5, 
when the best performing five CORDEX models’ predictions are com-
bined, a more uniform map showing mostly a decrease in precipitation 
at the coastal zones at the south and a gradual increase towards inland is 
obtained. 

As it is seen in Fig. 5, the precipitation climatology for annual mean 
calculated from the projections of seven of the 12 CORDEX models (M3, 
M4, M5, M7, M8, M10, M14) indicate a decrease in precipitation in the 

Fig. 5. Climate model projections for percent change in precipitation in short-term future for the RCP4.5 scenario.  
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short-term future under the RCP4.5 scenario for at least half of the 
stations in the region. Furthermore, for the SA, the areal average values 
(mean of 59 stations) calculated for these seven models indicate a 
decrease in the precipitation. On the other hand, except for M8, COR-
DEX RCMs project statistically significant change for less than 10% of 
the stations in SA. M8 projects significant change in precipitation for the 
coastal stations at the west of SA. M6 (EC-EARTH_CCLM4-8-17) that is 
defined to have relative best skill in replication of spatial variability of 
climatology in SA for present conditions, projects a mean increase of 
0.7% in precipitation for the short-term under RCP4.5 scenario. The 

annual mean precipitation climatology projected by M6 is either at the 
same level or slightly higher (up to 17%) than the climatology of the 
reference period for around 60% of the MSs across the SA under the 
RCP4.5 scenario. The increase in precipitation climatology is calculated 
mostly for the northern parts of the study region. According to the M6 
results, the remaining 40% of MSs with a negative anomaly of precipi-
tation climatology are mostly located at the southern coast of the 
Mediterranean. However, t-test, on M6’s projections, indicates statisti-
cally significant change (p < 0.05) only for two coastal stations in 
Eastern Mediterranean Basin. 

Fig. 6. Climate model projections for percent change in precipitation in short-term future for the RCP8.5 scenario.  

B. Mesta et al.                                                                                                                                                                                                                                   



Atmospheric Research 272 (2022) 106140

11

In the short-term future for the RCP8.5 scenario, the maximum range 
of the ensemble including the entire range of projections all 59 MSs is 
between − 16% and 37% (Fig. 6). Additionally, the means of 12 models 
at each MS in the SA for the change in precipitation are within the range 
of − 9% to 4.5% for the RCP4.5 and − 2% to 6% for RCP8.5 again 
showing the intra-regional variability. For RCP8.5 scenario, similar to 
RCP4.5, changes in precipitation is smoother in the PBWA map of Fig. 6, 
however for this scenario, increase in precipitation is predicted even at 
some coastal areas. Observing the individual model projections, it is 
seen that the precipitation climatology calculated for five of the models 
(M8, M3, M4, M7, M11) show negative anomaly for the majority of the 

stations, while M6 projects a decrease in the precipitation mostly for the 
MSs at the southern coast of the Mediterranean. However, according to 
M6 the potential decrease in annual precipitation is projected to be less 
than or equal to 10% (Fig. 6). Furthermore, projections of all CORDEX 
models including M6 agree on the change in precipitation classified as 
statistically insignificant in general of the SA. 

Figs. 7 and 8 show the medium-term future projections on change in 
annual precipitation by 12 CORDEX models for RCP4.5 and RCP8.5, 
respectively. Accordingly, under RCP4.5 most of the models and under 
RCP8.5 all models except for one (M5) project a decrease in annual 
precipitation climatology at the majority of MSs. The PBWA map for 

Fig. 7. Climate model projections for percent change in precipitation in medium-term future for the RCP4.5 scenario.  
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RCP4.5 scenario shows a decrease in the western part of the SA and in a 
relatively regional section in southeastern coast around Mersin station, 
while the eastern part, especially the inland will receive more precipi-
tation compared to the reference period. 

As it is seen in Fig. 8, M6 projects a decrease in precipitation at most 
of the MSs. M6 projects a maximum decrease in future precipitation of 
up to 20% at different MSs across the SA. M6 projects statistically sig-
nificant change in precipitation for 16 of the MSs. On the other hand, the 
PBWA map for RCP8.5 scenario shows a decrease in precipitation 
throughout the whole SA. 

Long-term future projections on the percent change in annual pre-
cipitation climatology at SA by 12 models are given in Figs. 9 and 10 for 
RCP4.5 and RCP8.5, respectively. As it is seen in Fig. 9, the analysis of 
long-term projections for the RCP4.5 scenario indicates a decrease in 
annual precipitation climatology at the majority of the MSs for most of 
the models. Additionally, 12-model means indicate a reduction in 
annual precipitation at all MSs in the SA. For the RCP4.5 scenario, M6 
along with the other eight CORDEX RCMs (M5, M8, M9, M10, M11, 
M12, M13, M14) project further elevation in dryness in the region for 
the long-term compared to the medium-term future. Although the RCMs 

Fig. 8. Climate model projections for percent change in precipitation in medium-term future for the RCP8.5 scenario.  
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using CNRM as the driving GCM (i.e., M3, M4, and M5) project statis-
tically significant change in precipitation for only 10% or less of the MSs, 
projections by the climate models using other GCMs as the driving 
model show a statistically significant change for at least one-third of the 
MSs in SA, in general. Similar to the short-term for RCP4.5 scenario, the 
PBWA map of Fig. 9 projects a gradual decrease in the change of pre-
cipitation from inland towards the coast, reaching 26% decrease around 
Finike. 

The projections for RCP8.5 by all 12 CORDEX RCMs agree on the 

projection of a decrease in the precipitation climatology for 27% of the 
MSs in the region. Though the amount of the likely decrease in clima-
tology at these 16 stations varies in the range of 0.4% to 50% depending 
on location and projection model. Furthermore, except for M3, all the 
CORDEX models project an increase in dryness in the long-term future in 
either entire or most of the SA compared to the medium-term future 
under the RCP8.5 conditions (Fig. 10). According to the projections by 
the majority of the models, the change in precipitation is statistically 
significant for more than 60% of the MSs in SA. 

Fig. 9. Climate model projections for percent change in precipitation in long-term future for the RCP4.5 scenario.  
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Related to the climate change signal indicated by ensemble members 
it should be noted that for two CORDEX RCMs in the analysis, WRF331F, 
and HIRHAM5, the assumption on the GHG forcing differs from others. 
Such difference in the model setup is verified by Jerez et al. (2018) to 
create a difference from other RCMs in generated climate signal. For 
WRF331F and HIRHAM5 analyzed in the study the change in GHG 
concentrations is not included as an additional climate forcing in RCM 
setup but rather the impact of change in GHG concentrations is inherited 
from the driving GCM. Analyzing the potential change in precipitation 
projected by two RCMs against others in the ensemble indicates no 

distinct difference from other RCMs for WRF331F projections regarding 
the change in impact between medium- to long-term future for RCP 4.5 
and RCP8.5. On the other hand, for HIRHAM5, the difference in impact 
size between RCP4.5 and RCP8.5 scenarios for the medium-term future 
differs from other ensemble members. The distinction might be attrib-
uted to the difference in the model setup regarding GHG evolution. 

The projection by M6 for the long-term future under the RCP8.5 
scenario indicates a decrease in the annual precipitation climatology for 
all MSs ranging between 8 and 34%. The projection by M6 for precipi-
tation decrease is statistically significant for almost all MSs. The areal 

Fig. 10. Climate model projections for percent change in precipitation in long-term future for the RCP8.5 scenario.  
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average for SA regarding the decrease in annual precipitation clima-
tology is 19.5% according to M6. Similarly, PBWA-1 (obtained from M6, 
M7, M8, M9, M14) and PBWA-2 (obtained from NHRCM, M6, M7, M8, 
M14) generated for RCP8.5 scenario for long-term future agree in a 
decrease in precipitation for all MSs across SA (Fig. 10). On the other 
hand, combination of best performing five CORDEX models project 
higher decrease in precipitation in the long-term compared to the PWBA 
generated including NHRCM projections. But both PWBA maps show 
20–35% or larger decrease in precipitation in the middle section of the 
SA, for example around Finike. For the coastal regions in SA, PBWA-1 
projects a larger decrease relative to the PBWA-2. On the other hand, 
for the inland stations PBWA-2 projects a larger decrease relative to the 
PBWA-1. 

As it is seen in Fig. 11, MRI-AGCM projects an increase in precipi-
tation climatology at the majority of coastal MSs and a decrease of up to 
70% for inland MSs giving an areal average of around 6% increase in the 
annual precipitation climatology for the SA in the long-term future. The 
MRI-AGCM projects statistically significant change in precipitation for 
the majority of the MSs in SA. Except for two stations in southwestern 
Turkey (Bodrum MS 17290 and Dalaman MS 17294), MRI’s NHRCM 
projects a decrease of up to 32% in annual precipitation climatology at 
all MSs for the long-term future under the RCP8.5 scenario (Fig. 11). The 
potential increase in two stations (Bodrum and Dalaman) is projected 
less than or equal to 5%. Similar to the areal average of the CORDEX 
mean, the areal average for NHRCM estimates a 14% decrease in the 
annual precipitation climatology at the SA. According to NHRCM pro-
jection statistically significant change in precipitation is likely for over 
40% of the MSs in SA. 

The range of change in precipitation projected by 12 CORDEX 
models for RCP4.5 and RCP8.5 scenarios in short-, medium- and long- 
term future and by MRI models for the RCP8.5 scenario in long-term 
future at the SA are depicted in the box plots in Fig. 12. The calcu-
lated value of the projected percent change in precipitation by each 
climate model in the ensemble are referred to the Supplementary Ma-
terial (Appendix C). Box plots show inter-model variability in the pro-
jected percent change in annual climatology within the SA. 

Regarding the short-term impact on precipitation for the entire SA, 
the areal average for the CORDEX mean shows a − 0.5% (SA median: 
0.2%) change in precipitation for the RCP4.5 and a 1.3% (SA median: 
0.9%) change for the RCP8.5 scenario (Fig. 12(a)). As it is seen in Fig. 12 
(b) for the medium-term future, the mean change in annual precipitation 
projected by CORDEX RCMs for 59 individual MSs in the SA ranges 
between − 10% and 3.5% in the SA (from hereafter will be referred to as 
MeanMR meaning the mean model range of 12 models for the potential 
change in precipitation) for RCP4.5. Considering RCP4.5 the maximum 
range of ensemble including the entire range of projections for all MSs 
(from hereafter will be referred to as MaxMR) is between − 34% and 
23% for RCP4.5. Under RCP8.5, 12-model ensemble indicates MeanMR 

between 0.6 and − 9.5% and MaxMR from − 25% to 55%. Furthermore, 
the areal average calculated for the SA verify the projection of a decline 
in annual precipitation of 2.7% and 4.6% (SA median: − 3% and − 4.6%, 
See Fig. 12(b)) for RCP4.5 and RCP8.5 scenarios, respectively. 

MeanMR of long-term projections is between − 17% and − 1.5%, 
while MaxMR is between − 38.5% and 21.5% under the RCP4.5 scenario 
(Fig. 12(c)). For the RCP8.5 scenario, MeanMR and MaxMR are calcu-
lated as between − 6 and − 26%, and between − 51.5% and 47%, 
respectively. The areal averages demonstrate a reduction in precipita-
tion for both scenarios. The decline in annual precipitation is projected 
as 7% for RCP4.5 and 14% for RCP8.5 at the SA regarding the mean 
value of 59 stations which is very close to the median value (See Fig. 12 
(c)). 

Hence, a comparison of projections for RCP4.5 and RCP8.5 regarding 
the MeanMR and PBWA of climate model projections for short-, me-
dium, and long-term shows that potential decrease in precipitation in 
the near term under the RCP8.5 scenario is not projected as prominent as 
it is projected for the RCP4.5 scenario. For the RCP 8.5 scenario, the 
onset of the decrease in precipitation is projected to be more likely and 
extensive in the medium- to long-term future. Although not at the sta-
tistically significant level most of the climate models project a relatively 
higher decrease in precipitation under the RCP 4.5 scenario in the short- 
term compared to RCP8.5. Therefore, the negative impact on the water 
cycle is expected to be much more prominent in the high emissions 
scenario with cumulated GHG concentrations by 2100. 

The long-term future projections under the RCP8.5 scenario agree on 
an amplified water scarcity for many mid-latitude regions (IPCC, 2014). 
However, as highlighted in the Climate Change 2013 report of IPCC 
(IPCC, 2013), the radiative forcing impacts in the short-term future 
between different RCP scenarios are expected to be relatively small, but 
an increasing impact is expected by the end of the 21st century. The local 
elements such as aerosol emissions are estimated to be still the major 
control on the climate change impacts in the short-term. Moreover, the 
impact on the precipitation intensity is likely to be significantly affected 
by the atmospheric water vapor content (IPCC, 2013). The variability in 
the short-term projections on the impact on precipitation verified with 
the findings of this study is interpreted to be related to those above-
mentioned factors. 

Fig. 13 depicts the comparison of the projections on the percent 
change in the climatological mean of annual precipitation from all 14 
climate models considering the areal averages for each basin located in 
the study area. As it is seen in Fig. 13 regarding the short-term impacts, 
the variability in the projections on the change in precipitation among 
different basins is particularly prominent not just for the quantity but 
also for the likely type of change (i.e., positive or negative). However, 
for medium- and long-term future projections areal averages indicate a 
potential decrease at all basins in the study area. Moreover, in the long- 
term future, except for MRI-AGCM, the models in the ensemble, in 

Fig. 11. Climate model projections for percent change in precipitation in long-term future for the RCP8.5 scenario for MRI climate models (the projection map of the 
best performing climate model M2: MRI-AGCM_NHRCM is written in bold). 
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general, agree on a mean decrease in precipitation at all basins. On the 
other hand, MRI-AGCM projects an increase in annual mean precipita-
tion for the basins along the Mediterranean coast. 

LOESS curves of projections by 12 CORDEX RCMs for RCP4.5 and 8.5 
scenarios are provided in Supplementary Material (Appendix B). The 
LOESS curves of the total annual precipitation time series for basins in 
the SA are generated by the use of R-Code (Wickham, 2016). The LOESS 
regression in R-code is applied using the smoothing parameter (α) value 
of 0.3 and the degree of the local fitted polynomial of 2. The examination 

of the interannual changes in precipitation projected for the future be-
tween the period 2020–2100 after smoothing with LOESS curve verifies 
the projected precipitation changes and relevant spatial distribution of 
potential impact illustrated in Figs. 5 through 10. Under the RCP4.5 
scenario, the projections by 12 CORDEX RCMs demonstrating a statis-
tically insignificant change in precipitation for short- and medium-term 
future at all basins in the SA are generally supported by the smooth 
LOESS curves obtained by local regression (Relevant figures are pre-
sented in Supplementary Material -Appendix B). In the long-term, 

Fig. 12. Boxplot showing percent change in annual precipitation climatology projected by climate models for (a) short-, (b) medium-, (c) long-term future (Upper 
and lower whisker boundaries of the boxplot are the largest data within 1.5 IQR (interquartile range) above the third quartile and smallest data within 1.5 IQR below 
the first quartile of the data set, respectively.The box plots of MRI’s AGCM and NHRCM shown in (c) are only for the RCP8.5 scenario outputs. In (c) MRI’s AGCM and 
NHRCM are shown separately from the CORDEX RCMs because of the difference in the timeframe of projections, max model range for MRI extends beyond the limit 
of y axis in the plot, it ranges between − 69% to 120%). 
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however, the decrease in precipitation and a distinct downward trend 
creating a gradual decrease in precipitation by the end of the 21st cen-
tury is seen particularly for projections of RCMs nested in CM5A-MR and 
HadGEM2-ES. On the other hand, regarding the projections by RCMs 
nested in EC-EARTH and CNRM-CM5, despite the decadal/bi-decadal 
variability in precipitation, the general trend is projected to remain 
relatively stationary. 

Furthermore, RCP8.5 scenario projections of RCMs nested in CM5A- 
MR, and HadGEM2-ES show an evident downward trend in total annual 
precipitation starting from the first half of the 21st century. Except for 
M3 (CNRM-CM5_ALADIN53), most of the RCMs agree on a distinct 
decrease in precipitation, despite the decadal/bi-decadal fluctuations, 
particularly for Middle and Western Mediterranean basins. 

5. Conclusion 

The objective of this study is to assess potential future changes in the 
precipitation climatology in the study area that covers most of the west 
and southwestern Turkey, partially or fully including 10 of the major 
watersheds in Turkey. The area is in the eastern part of the greater 
Mediterranean Basin and is designated among the hotspots concerning 
climate change impacts. Moreover, location, complex morphology, and 
interconnecting factors that affect the local climate processes at the 
study area create challenges in climate projections for the region. At the 
first stage of the assessment, a 14-member set of high-resolution climate 
models, that constitutes 12 CORDEX RCMs and two high-resolution 

climate models of the Japanese MRI, is analyzed to evaluate their 
skills to represent the spatial variability of precipitation at the study area 
with respect to ground-based meteorological stations. The analysis 
indicated relatively weak performance skills of GCM-RCM combinations 
of CNRM-CM5/ALADIN53 (M3), CNRM-CM5/CCLM4-8-17 (M4), and 
CM5A-MR/WRF331F (M11) for the study area regarding the spatial 
variability of precipitation climatology. On the other hand, MRI’s 
NHRCM with MRI-AGCM boundary conditions (M2), and two CORDEX 
models, EC-EARTH/CCLM4-8-17 (M6), and EC-EARTH/RACMO22E 
(M8) are identified as having the best performance skills in the spatial 
representation of climatology at the region. The ranking based on the 
API values also indicates that all RCMs (CCLM4-8-17, HIRHAM5, RCA4, 
and RACMO22E) nested in the EC-EARTH GCM have relatively higher 
projection skills. However, RCMs nested in CNRM-CM5, and CM5A-MR 
perform relatively poorly for the study area. Furthermore, the perfor-
mance of the climate models using HadGEM2-ES as the driving GCM 
depends on the regional climate model nested on it. The subsequent 
analysis of the potential changes in precipitation under climate change 
impacts concerning short-term (2020–2030), medium-term 
(2031–2050), and long-term (2051–2100) future verified significant 
inter-model and intra-regional variability not only for the quantity but 
also for the direction of the change in precipitation climatology. 

Under the RCP4.5 scenario, the areal average of potential change in 
annual precipitation calculated for the mean of 12 CORDEX RCMs in-
dicates a gradual decrease by the end of the century. The projected 
change in the mean precipitation is − 0.5% for short, − 2.7% for medium, 

Fig. 13. Comparison of the areal means of short-, medium- and long-term projections on change in precipitation at basins in the SA for RCP4.5 (top graph) and 
RCP8.5 (bottom graph). 
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and − 7% for the long-term future. For the RCP8.5 scenario, the areal 
mean demonstrates a slight increase in the near term followed by a 
decrease by the end of the century. Under RCP8.5 conditions the pro-
jection for change in annual precipitation is 1.3%, − 4.6%, and − 14% for 
short-, medium-, and long-term future, respectively. According to these 
findings, 12-member ensemble projects a relatively reprieved decrease 
in the annual precipitation under the RCP8.5 scenario until the mid-
century. Nevertheless, for the second half of the century, a larger 
reduction is projected for the RCP8.5 than the RCP 4.5 scenario to the 
extend at which is projected to ultimately create a larger decrease in 
mean precipitation by the end of the century compared to the RCP4.5 
scenario. 

Analysis of the projections by high-resolution climate model of MRI, 
NHRCM for RCP8.5 scenario, shows intra-regional variability in change 
in precipitation within the range of − 32% to 5%. However, the majority 
of MSs in the SA are projected to experience a decline in mean precip-
itation in the long-term. Similar to the CORDEX ensemble mean, based 
on the spatial mean, the potential change in precipitation in SA is pro-
jected as − 14% by NHRCM. 

Consequently;  

• The analysis indicates variability in the simulation skills of 14 
climate models for the study area regarding the spatial variability of 
precipitation climatology.  

• Projections indicate intra-regional variability in the climate change 
impacts on precipitation climatology. 

• The multi-model ensemble analysis of the projections on precipita-
tion for the long-term future under both RCP4.5 and RCP8.5 sce-
narios indicates a general decrease in the precipitation at all basins in 
the study area.  

• The short-term impacts are projected to be relatively small and not as 
significant as the impacts that are potentially expected in longer 
terms. Nevertheless, medium-, and long-term impacts of climate 
change are expected to be more prominent and create a relatively 
larger reduction in mean precipitation.  

• Hence, future adaptation strategies are necessary to be designed in a 
tiered structure so as to minimize the risks not only for the near-term 
impacts but also for likely risks that may arise in the long-term 
future. 
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precipitation changes over Panama projected with the atmospheric global model 
MRI-AGCM3. 2. Clim. Dyn. 53 (7), 5019–5034. 

Lionello, P., Malanotte-Rizzoli, P., Boscolo, R., Alpert, P., Artale, V., Li, L., 
Luterbacher, J., May, W., Trigo, R., Tsimplis, M., Ulbrich, U., Xoplaki, E., 2006. In: 
Lionello, P., Malanotte-Rizzoli, P., Boscolo, R. (Eds.), The Mediterranean Climate: An 
Overview of the Main Characteristics and Issues, 4. Mediterranean Climate 
Variability, p. 438. 

McSweeney, C.F., Jones, R.G., Lee, R.W., Rowell, D.P., 2015. Selecting CMIP5 GCMs for 
downscaling over multiple regions. Clim. Dyn. 44 (11), 3237–3260. 

Mehr, A.D., Kahya, E., 2017. Climate change impacts on catchment-scale extreme rainfall 
variability: case study of Rize Province, Turkey. J. Hydrol. Eng. 22 (3), 1–11. 
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001477. 

Mesta, B., Kentel, E., 2021. Superensembles of raw and bias-adjusted regional climate 
models for Mediterranean region, Turkey. Int. J. Climatol. 1–20. https://doi.org/ 
10.1002/joc.7381. In press.  

Mizuta, R., Oouchi, K., Yoshimura, H., Noda, A., Katayama, K., Yukimoto, S., Hosaka, M., 
Kusunoki, S., Kawai, H., Nakagawa, M., 2006. 20-km-mesh global climate 
simulations using JMA-GSM model - mean climate states. J. Meteorol. Soc. Jpn. 84 
(1), 165–185. 

Mizuta, R., Adachi, Y., Yukimoto, S., Kusunoki, S., 2008. Estimation of future distribution 
of sea surface temperature and sea ice using CMIP3 multi-model ensemble mean. 
Tech. Rep. Meteor. Res. Inst. 56 (28 pp.).  

Mizuta, R., Arakawa, O., Ose, T., Kusunoki, S., Endo, H., Kitoh, A., 2014. Classification of 
CMIP5 future climate responses by the tropical sea surface temperature changes. 
SOLA 10, 167–171. https://doi.org/10.2151/sola.2014-035. 

Nakaegawa, T., Kitoh, A., Kusunoki, S., Murakami, H., Arakawa, O., 2014. Hydroclimate 
change over Central America and the Caribbean in a global warming climate 
projected with 20-km and 60-km mesh MRI atmospheric general circulation models. 
Pap. Meteorol. Geophys. 65, 15. 

Nakaegawa, T., Hibino, K., Takayabu, I., 2017. Identifying climate analogues for cities in 
Australia by a non-parametric approach using multi-ensemble, high-horizontal- 
resolution future climate projections by an atmospheric general circulation model, 
MRI-AGCM3. 2H. Hydrol. Res. Lett. 11 (1), 72–78. 
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Osuch, M., Yücel, I., 2015. Inter-comparison of statistical downscaling methods for 
projection of extreme precipitation in Europe. Hydrol. Earth Syst. Sci. 19 (4), 
1827–1847. https://doi.org/10.5194/hess-19-1827-2015. 

Tebaldi, C., Knutti, R., 2007. The use of the multi-model ensemble in probabilistic 
climate projections. Philos. Trans. R. Soc. A Math. Phys. Eng. Sci. 365 (1857), 
2053–2075. 

Toreti, A., Kuglitsch, F.G., Xoplaki, E., Luterbacher, J., Wanner, H., 2010. A novel 
method for the homogenization of daily temperature series and its relevance for 
climate change analysis. J. Clim. 23 (19), 5325–5331. 

Varghese, S.J., Surendran, S., Rajendran, K., Kitoh, A., 2020. Future projections of Indian 
Summer Monsoon under multiple RCPs using a high resolution global climate model 
multiforcing ensemble simulations. Clim. Dyn. 54, 1315–1328. https://doi.org/ 
10.1007/s00382-019-05059-7. 

Wang, X., Huang, G., Lin, Q., Liu, J., 2014. High-resolution probabilistic projections of 
temperature changes over Ontario, Canada. J. Clim. 27 (14), 5259–5284. 

Wang, X., Huang, G., Baetz, B.W., 2016. Dynamically-downscaled probabilistic 
projections of precipitation changes: a Canadian case study. Environ. Res. 148, 
86–101. 

Wickham, H., 2016. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag, New 
York (ISBN 978-3-319-24277-4, https://ggplot2.tidyverse.org).  

Yilmaz, A.G., 2015. The effects of climate change on historical and future extreme 
rainfall in Antalya, Turkey. Hydrol. Sci. J. 60 (12), 2148–2162. https://doi.org/ 
10.1080/02626667.2014.945455. 

Yukimoto, S., Adachi, Y., Hosaka, M., Sakami, T., Yoshimura, H., Hirabara, M., Kitoh, A., 
2012. A new global climate model of the Meteorological Research Institute: MRI- 
CGCM3—model description and basic performance. J. Meteorol. Soc. Jpn. Ser. II 90, 
23–64. 

B. Mesta et al.                                                                                                                                                                                                                                   

http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0135
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0135
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0135
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0140
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0140
https://doi.org/10.3178/HRL.3.49
https://doi.org/10.3178/HRL.3.49
https://doi.org/10.2151/jmsj.2015-022
https://doi.org/10.2151/jmsj.2015-022
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0155
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0155
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0155
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0160
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0160
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0160
https://doi.org/10.1007/s00382-016-3335-9
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0170
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0170
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0170
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0175
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0175
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0175
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0175
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0175
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0180
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0180
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001477
https://doi.org/10.1002/joc.7381
https://doi.org/10.1002/joc.7381
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0195
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0195
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0195
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0195
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0200
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0200
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0200
https://doi.org/10.2151/sola.2014-035
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0210
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0210
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0210
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0210
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0215
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0215
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0215
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0215
https://doi.org/10.1016/j.agee.2011.02.001
https://doi.org/10.1016/j.agee.2011.02.001
https://doi.org/10.1002/joc.4285
https://doi.org/10.3178/hrl.11.106
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0235
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0235
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0235
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0235
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0240
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0240
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0240
https://doi.org/10.2151/sola.2008-007
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0250
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0250
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0250
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0255
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0255
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0255
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0260
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0260
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0260
https://doi.org/10.3354/cr01074
https://doi.org/10.3354/cr01074
https://doi.org/10.1175/JCLI-D-19-0084.1
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0275
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0275
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0275
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0280
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0280
https://doi.org/10.5194/hess-19-1827-2015
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0290
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0290
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0290
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0295
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0295
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0295
https://doi.org/10.1007/s00382-019-05059-7
https://doi.org/10.1007/s00382-019-05059-7
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0305
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0305
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0310
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0310
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0310
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0315
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0315
https://doi.org/10.1080/02626667.2014.945455
https://doi.org/10.1080/02626667.2014.945455
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0325
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0325
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0325
http://refhub.elsevier.com/S0169-8095(22)00126-0/rf0325




248 

 

C. PAPER 3: EFFECT OF CLIMATE CHANGE ON SURFACE AIR 

TEMPERATURE AT EASTERN MEDITERRANEAN, TURKEY 

Buket Mesta a, Hidetaka Sasaki b, Tosiyuki Nakaegawa b, Elçin Kentel c,* 

a Department of Earth System Science, Middle East Technical University, Ankara, Turkey 

b Department of Applied Meteorology Research, Meteorological Research Institute, Tsukuba, Japan 

c Department of Civil Engineering, Middle East Technical University, Ankara, Turkey 

* Corresponding author. E-mail address: ekentel@metu.edu.tr (E. Kentel). Postal address: 

Department of Civil Engineering, Water Resources Laboratory, Middle East Technical University, 

Üniversiteler Mahallesi Dumlupınar Bulvarı No:1 06800, Ankara, Turkey 

 

7 Abstract  

Critical impacts are expected for the Mediterranean basin due to global climate 

change. Various interconnected climate drivers on a global to local scale influence 

the regional climate. Different local climate influences of inland water bodies, 

complex topography, and surrounding seas cause temperate, arid, and continental 

climate properties to prevail with local variations in different parts of Turkey, which 

is located between Europe and the Middle East. Hence, the climatology shows 

intraregional variability that creates uncertainties and challenges in climate 

modeling. This study includes an assessment of the climate change impacts on the 

surface air temperature in western and southwestern Turkey through an ensemble 

analysis of high-resolution models. For the analysis, surface air temperature 

projections for the study area by twelve GCM/RCM combinations from the EURO-

CORDEX Database and two high-resolution climate models developed by the Japan 

Meteorological Research Institute (MRI) are used. In the analysis, firstly, climate 

model outputs are validated through a benchmark of the historical simulation results 

with the observed data. The daily surface air temperature data from 59 stations are 

used to determine the skills of models to reproduce the local climatology. Further, 

mailto:ekentel@metu.edu.tr
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changes in surface air temperature climatology in the short- (2020-2030), medium- 

(2031-2050), and long-term (2051-2100) future are assessed. The findings verify that 

among 14 climate models, two models of MRI (MRI-AGCM, NHRCM) and two 

CORDEX RCMs nested in HadGEM2-ES (RCA4 and CCLM4-8-17) perform best 

to replicate the spatial variability of surface air temperature in the study area. 

Additionally, the multi‑model ensemble analysis shows a statistically significant, 

gradual increase in the mean surface air temperature for the entire region under both 

RCP4.5 and RCP8.5 scenarios by the end of the 21st century. A comparative analysis 

of the projections by the models in the ensemble regarding surface air temperature 

and precipitation changes demonstrates that the projections mostly agree on an 

inverse linear relationship between the two parameters at the entire study area. 

 

Keywords: EURO-CORDEX, NHRCM, MRI-AGCM, surface air temperature, 

surface air temperature-precipitation relationship, Mediterranean 
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8 1. Introduction 

The Mediterranean basin that is located on three different continents has its particular 

features bringing different types of topographic, biogeographic, and societal 

elements and forms a transition zone between the arid climate of North Africa and 

the surface air temperate (from here after will be referred to as temperature) and rainy 

climate of Central Europe. The Mediterranean climate, which is characterized by hot 

dry summers and humid, cool winters, is expected to be adversely impacted by global 

climate change (IPCC, 2021). The region is potentially vulnerable to the climatic 

changes induced by anthropogenic activities causing increasing concentrations of 

greenhouse gases (Giorgi and Lionello, 2008). The increase in temperatures is 

expected to exacerbate the existing anthropogenic-induced pressures on the 

environment and distinct biodiversity of the region. The findings from Giorgi’s study 

(2006) support this argument defining the region as one of the most prominent ‘Hot-

spots’ in terms of the response to global change that will experience a significant 

decrease in mean precipitation and intensified variability in precipitation, 

particularly for the dry (warm) season. Furthermore, a larger increase is expected in 

the regional temperature than that is expected for the global scale, particularly for 

the dry season. Several studies verified that 1.06°C increase in global mean 

temperature observed throughout 1850 to 2019, as highlighted in IPCC’s 6th 

Assessment Report (IPCC, 2021), created a rise in maximum and minimum 

temperatures in the Mediterranean basin (Kostopoulou and Jones, 2005; Kuglitsch 

et al., 2010; Efthymiadis et al., 2011; Bartolini et al., 2012; Tanarhte et al., 2015). 

Kuglitsch et al. (2010) identified the eastern parts of the Turkish Black Sea coastline, 

western, southwestern, and central Turkey, and western Balkans as the “Hot spots” 

of heatwave changes. Bartolini et al. (2012) studied annual and seasonal long-term 

trends for temperature in the central Mediterranean and showed an increase of 0.9°C 

per 50 years in central Italy.  

Studies focused on the historical temperature records from meteorological stations 

across Turkey analyzed the trends in temperature changes, heatwaves, and extreme 

temperature events (Tayanç et al. 2009; Cagatan and Unal, 2010; Toros, 2012; Unal 
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et al., 2013; Acar Deniz and Gönençgil, 2015; Gönençgil and Acar Deniz, 2016; 

Altın and Barak, 2017; Erlat et al., 2021) and verified an increasing trend in 

temperature in Turkey particularly after the 1990s. Tayanç et al. (2009) demonstrated 

that the climate signal of temperature showed a continuous warming period for 

Turkey after 1993 with significant warming for the south and southeastern Turkey 

featuring increases in maximum and mean temperature series. Furthermore, an 

increasing trend in heatwaves in western Turkey is identified to be more evident in 

inland stations (Cagatan and Unal, 2010; Unal et al., 2013). Similarly, Altın and 

Barak (2017) showed a statistically significant positive anomaly for the number of 

summer days and tropical days above the long-term average for the duration between 

1993 – 2014 in the Adana Sub-region of the Eastern Mediterranean coast of Turkey. 

Several studies used projections from the climate models to assess the likely future 

trends in the temperature in the Mediterranean (Lelieveld et al., 2012; Kostopoulou 

et al., 2014; Öztürk et al., 2015; Zittis et al., 2016). Lelieveld et al. (2012) studied 

the projections after dynamical downscaling of 2 different GCMs for the eastern 

Mediterranean and the Middle East under the SRES A1B (intermediate) scenario. 

They found gradual and relatively strong warming of about 3.5–7°C by the end of 

the 21st century. Using the projections on the optimistic (B2), intermediate (A1B), 

and pessimistic (A2) SRES scenarios from the same climate models, Zittis et al. 

(2016) revealed that the frequency of heatwaves is likely to increase in the 

Mediterranean. Öztürk et al. (2015) studied projections of 16 CMIP3 GCMs for the 

Mediterranean region under SRES A2, A1B, and B1 scenarios after statistical 

downscaling and found an increase in annual temperature (Öztürk et al., 2015). 

Analyses of the potential future trends in temperature for different regions of Turkey 

support the likelihood of positive anomaly in all parts of the country (Önol and Unal, 

2014; Bağçaci et al., 2021). Önol and Unal (2014) studied the climate change impact 

for seven different geographical regions of Turkey by the use of projections from the 

RegCM3 regional climate model driven by the NASA Finite Volume GCM 

(fvGCM) under the SRES A2 scenario. They reported an increase in temperature in 

the range of 2–5°C by the end of the 21st century. Bağçaci et al. (2021) used the mean 
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average ensemble of the best-performing four models from CMIP5 and CMIP6 

GCMs identified for Turkey and analyzed potential changes in the temperature and 

precipitation. The analysis revealed a statistically significant positive anomaly for 

the near-surface temperature projections for RCP4.5 and 8.5 scenarios. For the long-

term future (2070-2100), the study revealed an increase in the mean temperature 

values for all seasons. Aziz et al. (2020) analyzed the climate non-stationarity based 

on the outputs of 12 CORDEX RCMs under the RCP8.5 scenario in Turkey. The 

analysis showed inter-regional variability in temperature change across Turkey (Aziz 

et al., 2020) for the projection period between 2051 and 2100.  

Various studies focused on the assessment of potential future climate change impacts 

at different regions of Turkey. Several studies analyzed the future climate projections 

to examine potential impacts considering forestry, ecosystem dynamics, crop yield, 

energy, and tourism activities (Fujihara et al., 2008; Özdoğan, 2011; Sen et al., 2012; 

Deidda et al., 2013; Öztürk et al., 2015; Sunyer Pinya et al., 2015; Yilmaz, 2015; 

Demircan et al., 2017; Mehr and Kahya, 2017; Bucak et al., 2018; Dino and Akgül, 

2019). 

The MRI-AGCM is an atmospheric general circulation model (AGCM) that was 

developed to improve the regional-scale representation of the climate integrated with 

the global-scale and long-term mean climate state. The horizontal grid resolution of 

this model is about 20 km (Mizuta et al., 2006), which corresponds to high-resolution 

GCM data. MRI-AGCM was used for future climate change studies in various parts 

of the world, including Central America (Kusunoki et al., 2019; Nakaegawa et al., 

2014) and Australia (Nakaegawa et al., 2017). NHRCM is a regional climate model 

which was developed by enhancing an operational non-hydrostatic model (NHM) of 

MRI and the Numerical Prediction Division of the Japan Meteorological Agency 

(NPD/JMA) (Sasaki et al., 2008, 2011).  The performance of NHRCM for climate 

simulations was thoroughly tested by several studies in Japan. Sasaki et al. (2008) 

demonstrated strong simulation performance of NHRCM to reproduce the 

precipitation and temperature as well as the inter-annual variation of temperature. 

Sasaki et al. (2011) demonstrated that NHRCM provides improved skills for local 
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temperature and precipitation projections compared to AGCM. Additionally, it was 

tested for its performance for other parameters such as extreme storm events, snow 

depth, and storm tracks and also for the performance to represent the effect of 

topography on precipitation (Sasaki and Kurihara, 2008; Sasaki et al., 2011, 2012, 

2013).  

Furthermore, several studies evaluated model performances of MRI-AGCM and 

NHRCM for various regions of the world by comparing them to other global and 

regional models regarding the present and future climate simulations (Saito et al., 

2006; Kitoh et al., 2009, 2016; Pinzón et al., 2017; Varghese et al., 2020). Even 

though Turkey was included in some of these studies, this is the first study that covers 

a detailed comparison of these two models with CORDEX RCMs for the 

Mediterranean region. In this study, NHRCM grid data are generated for the domain 

limited to the study area by nesting within MRI-AGCM with 20-km grid spacing. 

The horizontal resolution of NHRCM is 5 km in this study. NHRCM integration with 

MRI-AGCM boundary conditions was conducted for 20-year timeframes to simulate 

present (1980-2001) and future (2080-2100) climate conditions.  

Identification of the climate change impacts for the Mediterranean region of Turkey 

that has a complex topography and climate features is a challenging task and 

previous studies verified that the projections by CORDEX RCMs demonstrate inter-

regional and inter-model variability (Aziz et al., 2020). Furthermore, to the best of 

our knowledge, the number of studies that include a comparison of various 

CORDEX RCMs for the projection skills for Turkey is still limited.  

In this study, the climate projections for temperature are analyzed for a study region 

covering more than 200,000 km2 area in the western and southwestern Turkey 

including the Mediterranean region (from hereafter will be referred to as the study 

area or SA) using high-resolution climate model projections. Simulations for the 

EUR-11 domain from 12 CORDEX RCMs, simulations from the super-high-

resolution atmospheric climate model (MRI-AGCM) generated by the Japan 

Meteorological Agency (JMA) Meteorological Research Institute (MRI), and the 

projections from Non-Hydrostatic Regional Climate Model (NHRCM) of JMA-MRI 
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with boundary forcing of MRI-AGCM are used in this study . NHRCM is nested in 

the boundary conditions of the MRI-AGCM. Within that scope, initially, 12 

CORDEX RCMs and two MRI climate models are evaluated for their skill of 

simulation performance regarding the replication of the spatial variability of annual 

temperature mean at the SA. After that, potential change in temperature under the 

RCP4.5 and RCP8.5 scenarios in the short-term (2020-2030), medium-term (2031-

2050), and long-term (2051-2100) future are assessed through the comparison of the 

climatology with reference period. Finally, a per basin analysis of the potential 

temperature change and its relation to the likely change in precipitation is provided. 

The short-, medium-, and long-term future periods analyzed in this study are selected 

with the purpose of delineation of likely size of the impact on mean temperature that 

may be addressed by planning with a tiered approach for future adaptation strategies. 
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9 2. Study area 

The region of interest in this study covers a considerable portion of Turkey, where 

the temperate climate conditions, so-called Mediterranean climate features are 

dominantly observed. The study area (SA) includes partially or wholly, 10 of the 

major watersheds in Turkey (Fig. 1) and extends through three (Aegean, 

Mediterranean, and Central Anatolian regions) of seven separate geographical 

regions of Turkey (Fig. 2). Different climatic conditions prevail in each geographical 

region due to the diverse topography and effect of the surrounding seas (Sensoy et. 

al, 2008; Sensoy and Demircan, 2016). The complex morphological structure of the 

region strongly affects the atmospheric circulation in the region (Lionello et al., 

2006).  

The Mediterranean region covering most of the western, middle, and eastern 

Mediterranean basins in Turkey is separated from the Central Anatolia region by the 

Taurus mountains stretching parallel to the southern coastline. The Taurus mountains 

not only form the water divide for the basins at the south but also create a barrier 

between the regions making the diversified climatic conditions (Fig. 2). As it is seen 

in the Köppen Geiger classification of the SA in Fig. 2, the southern and western 

coastal areas have temperate climate properties typical of the Mediterranean climate 

with dry and hot summers and mild winters. Higher latitude lands of the mountain 

ranges have cold climate features with dry summers. Behind the barrier of the 

mountains, continental features dominate in the arid steppe climate of the Central 

Anatolia and inland Aegean regions.  
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Fig.1. Topographical map of the study area (SA) showing the locations of the 

meteorological stations used in this study. 

 

 

 

 

Fig. 2. Map of Köppen Geiger climate zones indicating geographical regions in the 

SA (adapted from Beck et al., 2018). 
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10 3. Data and methods  

11 3.1. Data  

The reference data (RD) used for the validation of the historical projection outputs 

is obtained from the historical daily mean temperature recordings from the 

meteorological stations (MSs) located across the study area (Fig. 1). The MSs used 

for the study are ground-based stations operated by the Turkish State Meteorological 

Service. In total, 59 MSs providing a minimum of 30-year long time series between 

1966-2005 are selected for the study. The list of the MSs in the SA is given in 

Supplementary Material in Appendix A. For the assessment of the baseline 

climatology at the SA, annual and seasonal climatological temperature means for 

each station are calculated from the daily mean temperature data. RD for temperature 

is also used for the comparison with modeled data for the testing of the simulation 

performance of climate models.   

The assessment of the potential change in temperature due to climate change in the 

SA covers a multi-model analysis of 14 high-resolution climate models (i.e., 12 

CORDEX RCMs and two high-resolution climate models developed by MRI). A list 

of the climate models is given in Table 1. Twelve model outputs of CORDEX RCMs 

are composed of the combination of five different RCMs (i.e., ALADIN53 of Centre 

National de Recherches Météorologiques (CNRM), CCLM4-8-17 of Climate 

Limited-area Modelling Community (CLM-Community), RCA4 of Swedish 

Meteorological and Hydrological Institute (SMHI), HIRHAM5 of Danish 

Meteorological Institute (DMI), and RACMO22E of Royal Netherlands 

Meteorological Institute (KNMI), and WRF331F of Institut Pierre-Simon Laplace 

(IPSL-INERIS)) with four different GCMs from CMIP5 as the driving model. The 

selection of the GCM/RCM combinations producing twelve high-resolution 

projections is done to enable the assessment of the performance of at least two 

different RCMs taking the same GCM as the boundary conditions. The outputs of 

CORDEX models belonging to the EUR-11 Domain (0.11-degree resolution) are 

obtained from the CORDEX database. The other two model outputs are from super 
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high-resolution (0.1875-degree) AGCM generated by Japanese MRI, and the MRI’s 

NHRCM (5-km resolution) using the MRI‑AGCM as the boundary conditions. 

Table 19 List of the climate models used in the study. 

 

 

12 3.2. Evaluation of performance skills of climate models 

The climate models are tested for their skills in the reproduction of the baseline 

climatological conditions and the spatial variability of the temperature climatology 

in the study area. For the analysis, the annual climatological means of temperature 

at 59 stations (i.e., the closest modeling grids) calculated from the historical 

simulations are compared with the observed values. The performance skill is 

evaluated by using three statistical performance indicators; Pearson’s Correlation 

Coefficient (𝐶𝑜𝑟𝑟), Root Mean Square Error (𝑅𝑀𝑆𝐸), and Bias (𝐵𝑖𝑎𝑠). The 

performance indicators are calculated using the annual mean temperature data series 

in °C. 

In addition to the evaluation of the individual performance indicators, an aggregated 

performance index (API) is also generated for each model to determine the best 

climate models for the SA in terms of the efficiency in the simulation of mean 
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temperature. For the calculation of API, models are ranked three times for each 

indicator separately (i.e., ranking of all models from best to worst) and three ranks 

of each model are averaged. The model with the lowest API is considered to achieve 

the best modeling performance for the SA. 

 

13 4. Results 

14 4.1. Analysis of climatology  

RD from 59 MSs is used to assess the annual and seasonal climatological 

temperature means at the SA. The annual climatological temperature mean, 𝐴𝑇 is 

the long-term mean of the annual means of daily average temperatures for each MS. 

Similarly, the seasonal climatological mean is the long-term mean value of the 

seasonal temperature means. In order to obtain the climatology maps for the SA, the 

inverse distance weighted (IDW) interpolation method is applied to the climatology 

data for the MSs. Fig. 3 displays the relevant climatology maps. The 𝐴𝑇 values range 

between 10°C and 20°C (Fig. 3(a)) in the SA. In fact, for coastal MSs, 𝐴𝑇 values are 

greater than or equal to 18°C, whereas, for the remaining two-thirds of the MSs, 

located inland, it is between 10°C and 17°C (Fig. 4). The highest and lowest 𝐴𝑇 

values are observed at coastal Kas MS (MS:17380) in the Middle Mediterranean 

Basin and at inland Hadim MS (MS: 17928) in the Eastern Mediterranean Basin, 

respectively (Fig. 4). The coastal stations also have the highest climatological 

temperature means for all seasons in the region.  

The winter temperature means, 𝑊𝑇 at coastal stations ranges between 10°C and 

13°C with the highest mean temperature recorded in the Middle Mediterranean Basin 

(Kas MS, 17380), whereas for the remaining MSs it ranges between -1°C and 7°C 

(Fig. 3(b)). The areal average of temperature means (the average of climatological 

temperature means for 59 MSs) for the winter season in the SA is 5°C. The 𝑊𝑇 drops 

slightly below 0°C for two stations in the SA. These are Hadim MS (MS: 17928) at 

1500mASL in the Eastern Mediterranean Basin and Kulu MS (MS: 17754) at 
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1000mASL in the Central Anatolia region. These two stations also have the lowest 

spring, summer, and fall season climatological means (Fig. 4). The climatological 

summer temperature means, 𝑆𝑇 at the MSs in the SA ranges between 19°C (at Hadim 

MS: 17928) and 28°C (at Mut MS:17956) (Fig. 3(d)). Both stations are located in 

the eastern Mediterranean Basin (Fig. 4). 

To analyze the seasonal fluctuation, the seasonal climatological mean values of the 

MSs are compared with the annual climatology of each station. Accordingly, in the 

SA the seasonal climatological temperature means for 59 stations are 7°C to 11°C 

lower, and 0°C to 2°C lower than 𝐴𝑇 values for winter and spring, respectively. Fall 

and summer climatological temperature means, 𝐹𝑇 and 𝑆𝑇, are respectively 0.5°C 

to 2°C, and 7°C to 10°C higher compared 𝐴𝑇 values for MSs in the SA. Hence, the 

difference between 𝑊𝑇 and 𝑆𝑇 values range from 14°C to 21°C in the SA. 

 

Fig. 3. Baseline temperature climatology maps of the SA for (a) annual climatology, 

(b) winter climatology, (c) spring climatology, (d) summer climatology, (e) fall 

climatology. 
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Fig. 4. Analysis of climatological temperature properties at MSs in the SA. 

 

15 4.2. Analysis of the modeling performance 

The simulation skills of climate models are tested through a benchmark with RD 

from 59 MSs across the study area. Individual performance indicators 

(𝐶𝑜𝑟𝑟, 𝑅𝑀𝑆𝐸, and 𝐵𝑖𝑎𝑠), and APIs calculated for each model regarding the skills in 

representing spatial variability of temperature in the SA, are given in Table 2. The 

best performance indicator values are highlighted in bold in the table. Accordingly, 

all models in the ensemble attain high 𝐶𝑜𝑟𝑟 values ranging between 0.86-0.94 to 

replicate the spatial variability of temperature climatology. 𝑅𝑀𝑆𝐸 values for 14 

models range between 1.6 and 4.7°C. The highest variability among the models is 

seen for 𝐵𝑖𝑎𝑠 value. 𝐵𝑖𝑎𝑠 varies in the range of 0.05 to 4.2°C for the models.  

Taylor diagram in Fig. 5, comparing model simulations of spatial variability in 

temperature climatology against observed, indicates a relatively similar simulation 

efficiency for 14 models, in general, except for M3 that is verified to perform weaker 

than other models. 



262 

 

 

Fig. 5. Taylor diagram of climate models. 

 

Table 2 Performance indicator values for climate models. 

ID Model Name 𝑪𝒐𝒓𝒓 𝑹𝑴𝑺𝑬 (°C) 𝑩𝒊𝒂𝒔b(°C) API 

M1 MRI-AGCM 0.89 1.58 0.05 5.00 

M2 NHRCM 0.90 1.61 0.73 5.33 

M3 CNRM-CM5_ALADIN53 0.86 4.69 4.15 14.00 

M4 CNRM-CM5_CCLM4-8-17 0.92 2.83 2.39 8.67 

M5 CNRM-CM5_RCA4 0.93 2.90 2.59 9.00 

M6 EC-EARTH_CCLM4-8-17 0.93 2.68 2.30 7.67 

M7 EC-EARTH_HIRHAM5 0.92 2.00 1.29 5.67 

M8 EC-EARTH_RACMO22E 0.94a 4.08 3.80 9.33 

M9 EC-EARTH_RCA4 0.94 3.45 3.23 9.00 

M10 CM5A-MR_RCA4 0.93 2.59 2.28 6.00 

M11 CM5A-MR_WRF331F 0.90 2.62 2.16 8.00 

M12 HadGEM2-ES_CCLM4-8-17 0.91 1.82 1.06 5.33 

M13 HadGEM2-ES_RACMO22E 0.94 3.04 2.58 7.33 

M14 HadGEM2-ES_RCA4 0.94 2.20 1.79 4.67 
a The best values are indicated in bold 

b absolute value of mean difference between observed and simulated 
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Taking the API values into consideration five climate models are evaluated to have 

the best skills in modeling temperature climatology. These are two MRI models M1 

and M2, two CORDEX RCMs, M14 (RCA4), M12 (CCLM4-8-17) using 

HadGEM2-ES as the driving GCM, and M7 (HIRHAM5) using EC-EARTH as the 

driving GCM. On the other hand, M3 (ALADIN53 using CNRM-CM5 as the driving 

GCM) has the weakest performance value among 14 climate models. In fact, the 

poor performance of ALADIN53 is considered to be related to the problematic Sea 

Surface Temperature (SST) mapping from driving GCMs that is likely to cause 

biased projections of surface temperature particularly for coastal areas as indicated 

in the EURO-CORDEX’s technical errata webpage (EURO-CORDEX, 2021). 

Furthermore, although HIRHAM5 (EC-EARTH as driving GCM) is observed to 

perform relatively well for historical simulations it should still be taken into 

consideration that among the CORDEX-RCMs certain runs of HIRHAM and WRF 

use a different assumption on the GHG forcing which potentially has an influence 

on the surface temperature projections from these RCMs (Jerez et al., 2018). The 

same issue was also proclaimed by the EURO-CORDEX errata webpage 

highlighting likely significant impacts of the use of different approaches by these 

RCMs. The ensemble members M7 and M11 are the RCM simulations with no GHG 

evolution assumption and involve the GHG change impact projection from driving 

GCM only.   

Among the best-performing five models, in addition to the MRI models, the driving 

GCMs for the CORDEX RCMs are HadGEM2-ES and EC-EARTH. On the other 

hand, the driving GCMs for the worst-performing five models are EC-EARTH and 

CNRM-CM5. Hence, it can be said that as the driving GCM HadGEM2-ES performs 

relatively well for temperature projections, whereas CNRM-CM5 performs 

relatively poorly in projections for the study area in combinations with different 

RCMs. However, the projection skill of EC-EARTH for temperature varies 

depending on the RCM. In that respect, the weak performance of RCMs using 

CNRM-CM5 might be attributed to the problem with the boundary forcing 

conditions in CNRM-CM5 for historical runs as reported by EURO-CORDEX 

(2021). Although it is reported that the influence on climate scale is expected to be 
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weak, the relevant problem might be a factor in the relatively lower performance of 

this GCM in historical simulations of the SA. An additional divergence of CNRM-

CM5 from the other three CMIP5 GCMs that may affect the simulation skill is that 

the forcing agent of land-use change is not included in the model setup (Collins et 

al. 2013; Boé et al., 2020). Consequently, among four driving GCMs CNRM-CM5 

is seen to be relatively poor for temperature climatology as shown above and also 

regarding the skill for the reproduction of precipitation climatology for SA, as 

verified by the study of Mesta et al. (2022).  

Comparing the simulation performances of 14 climate models for the representation 

of temperature climatology with the findings from the earlier study by Mesta et al. 

(2022), it is seen that NHRCM with MRI-AGCM boundary conditions has 

demonstrated similarly high skill regarding the reproduction of spatial variation of 

precipitation climatology at the SA. Regarding the simulation performances of 

different GCMs as driving models of CORDEX RCMs for precipitation the 

following inferences can be made using Mesta et al. (2022) study outputs: Unlike 

temperature simulations, the simulation skill for the precipitation climatology is 

found to depend on the RCMs using HadGEM2-ES as the driving model. On the 

other hand, RCMs nested in the EC-EARTH model are seen to perform well for 

precipitation for different RCM (CCLM4-8-17, HIRHAM5, RACMO22E, RCA4) 

combinations. 

 

16 4.3. Future projections on temperature 

The short-term (2020-2030), medium-term (2031-2050), and long-term (2051-2100) 

projections of 12 CORDEX RCMs are assessed through a comparison with the 

annual temperature climatology of the reference period. RCP8.5 scenario projections 

for the 2080-2100 timeframe from two high-resolution MRI climate models are also 

added to the analysis for the assessment of the potential changes in long-term future 

temperature. The change in temperature for the projection period is calculated as 

follows: 
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 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 (𝑇) = 𝑇 − 𝐴𝑇   (1) 

 

where, 𝑇 is the difference in the temperature climatology between the projection 

period, 𝑇 (e.g., 2020-2030 for short-term) and the reference period, 𝐴𝑇. Maps in 

Figs. 6 to 12 show the projections of change in annual temperature climatology for 

59 MSs in the SA based on 14 climate model outputs. The projection maps between 

Figs. 6 and 10 also provide maps based on a performance-based weighted average 

(PBWA) of CORDEX models for the relevant projection periods. The PBWA of 

projections on percent change in temperature climatology is calculated based on the 

API values regarding performance skill on spatial variability according to Equation 

(2). 

 

𝑃𝐵𝑊𝐴 =
∑ [

1
API𝑖

× (𝑇)𝑖]
𝑛
𝑖=1

∑
1

API𝑖

𝑛
𝑖=1

 (2) 

 

where, 𝑖 is the index for the models used in PBWA of projections on temperature 

change. Here, the best-performing five CORDEX models (i.e., 𝑛 = 5), identified 

according to the API (i.e., M7, M10, M12, M13, M14; see Table 2) for the 

reproduction of spatial variability, are used to generate the PBWA. Additionally, for 

the long-term future under the RCP8.5 scenario (Fig. 11), two PBWA of projections 

are generated, the first (i.e., PBWA-1) using five best performing CORDEX models 

(i.e., M7, M10, M12, M13, M14) and the second (i.e., PBWA-2) using two MRI 

models (M1, and M2) that show best projection skill for temperature in the SA plus 

three best performing CORDEX models (M7, M12, M14). In Figs. 5 to 10, the map 

of the PBWA of change in temperature climatology of 59 MSs in the SA is shown 

in the last row. Additionally, the name of the model for the projection map of the 

best performing CORDEX model (i.e., M14; see Table 2) is written in bold. The 

IDW interpolation method is used to convert the potential temperature change and 
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statistical significance data on modeling grids into surface data illustrated in the 

maps. 

Welch’s two-sample T-test (or unequal variances t-test) is applied to the annual 

temperature time series from the climate model projections to test the significance 

of the change in temperature at 95% confidence level. The significance of the change 

in the short-, medium- and long-term future is tested against the reference period. 

The T-test is used for the projections of individual models, and not for the PBWA 

results that are calculated from percent change projections.  

For the short-term future, the potential change in 𝐴𝑇 under RCP4.5 and RCP8.5 

scenarios based on the projections of 12 CORDEX RCMs are shown in Figs. 5 and 

6, respectively. Under the RCP4.5 scenario, all models agree on an increase in the 

𝐴𝑇 in the entire SA (Fig. 6).  Furthermore, with a 95% confidence level, all models 

agree on a significant change in the temperature at all MSs. The maximum range for 

the change in temperature at 59 stations projected by 12 models (from hereafter will 

be referred to as MaxMR) for the RCP4.5 scenario is from 0.6°C to 2.6°C. The mean 

model range indicated by the 12-member ensemble as for the potential change in 

temperature at 59 stations across the SA (from hereafter will be referred to as 

MeanMR) is between 0.9°C and 1.4°C. The 12-member ensemble’s projection for 

the areal average of temperature change in the SA is 1.2°C. Among 12 models, M14 

identified to have better simulation skill, projects 1.6°C increase in the areal average 

of temperature mean. It projects a relatively higher temperature increase for inland 

areas than coastal, which is also similar to the projection obtained by the weighted 

average of the five best-performing models in Fig. 6. PBWA map indicates a more 

uniform impact regarding the temperature increase throughout the SA compared to 

most of the individual model projections. Nevertheless, an approximately 0.4-0.5°C 

higher temperature increase is still projected for the inland stations.  Higher increase 

in temperature in inland areas is considered to be originated from the reduction of 

evaporative cooling due to the depletion of soil moisture in those areas. The 

amplified increase in temperatures in dryer climate in inland parts of the SA is 

interpreted to be connected with several physical mechanisms including the increase 
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in dryness and added positive feedbacks of subsequent decrease in cloud formation 

that exacerbate the solar radiation effect (Zampieri et al., 2009; Seneviratne et al., 

2010, 2013; Selten et al., 2020). The potential evaporative cooling impact at the 

coastal stations in line with the topographical features is seen to be represented 

particularly in the projections by M8 through M14. The effect of the Mediterranean 

Sea is seen to be prevalent in the area along the southern shoreline that is bordered 

by the impediment of the Taurus Mountains. On the other hand, at the western coast 

of the Aegean region, effect of sea is seen to reach farther inland due to the stretch 

of mountains perpendicular to the shoreline which maintains a farther outreach for 

westerly flow (Önol and Unal, 2014), which is in general more evident in the 

projections by RC4 (M9, M10, M14). 
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Fig. 6. Projections for temperature change, ∆𝑇 (°C) in short-term future for RCP4.5 

scenario (for models M3 through M14 all changes are statistically significant at the 

95% confidence level). 

 

Under the RCP8.5 scenario, analysis of 12-member ensemble indicates MaxMR 

between 0.9°C and 2.7°C, and MeanMR between 1.2°C and 1.6°C. According to the 

12-member ensemble mean, the areal average of the SA is projected as 1.4°C change 

in temperature. Based on the 95% confidence level, statistically significant 

temperature change is likely for all MSs in the SA under the RCP8.5 scenario. The 
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projection by PBWA shows smoother variation in temperature change across the SA 

with an areal average of 1.6°C (Fig. 7). 

 

Fig. 7. Projections for temperature change, ∆𝑇 (°C) in short-term future for RCP8.5 

scenario (for models M3 through M14 all changes are statistically significant at the 

95% confidence level). 

 

According to Fig. 8, all members of the ensemble show an increase in temperature 

for all MSs in the SA under the RCP4.5 scenario. The MaxMR of the ensemble is 
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between 0.9°C and 3.3°C, and MeanMR is between 1.4°C and 1.8°C. Multi-model 

ensemble projects a higher temperature increase for inland MSs. The areal average 

temperature change calculated from the 12-member ensemble mean is 1.6°C, lower 

than the areal average projected by M14 (2.3°C). PBWA projects a 1.9°C increase 

in temperature for coastal areas and a 2.1°C increase for inland sections in the SA. 

 

 

Fig. 8. Projections for temperature change, ∆𝑇 (°C) in medium-term future for 

RCP4.5 scenario (for models M3 through M14 all changes are statistically significant 

at the 95% confidence level). 
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Under the RCP8.5 scenario (Fig. 9), 12-member ensemble gives MaxMR between 

1.2°C and 4°C, and MeanMR between 1.8°C and 2.3°C. The 12-model mean projects 

temperature increase at 2.1°C in the average of the SA. The projection obtained from 

PBWA shows around 2.3-2.4°C increase for coastal and 2.6°C increase for inland 

areas. All models in the ensemble agree on a statistically significant change in 

temperature in the medium-term future both under RCP4.5 and 8.5 scenarios in the 

entire SA. 

 

 

Fig. 9. Projections for temperature change, ∆𝑇 (°C) in medium-term future for 

RCP8.5 scenario (for models M3 through M14 all changes are statistically significant 

at the 95% confidence level). 
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The RCP4.5 projections of 12 CORDEX RCMs for the temperature change in the 

SA are shown in Fig. 10. 12-member ensemble shows a MaxMR between 1.7°C and 

4.5°C, and a MeanMR between 2.1°C and 2.8°C and generate an areal average of 

2.5°C in long term. Similar to medium-term simulations the projection by M14 

(3.2°C) remains slightly over the ensemble mean for the projected temperature 

change. Unlike the long-term projections of precipitation reported by Mesta et al. 

(2022) to be statistically significant for approximately 30% or less of the MSs, 

temperature change is projected at a statistically significant level for the entire SA 

under the RCP 4.5 scenario by all CORDEX RCMs.  

The RCP8.5 projections of 12 CORDEX RCMs on the temperature change in the SA 

in the long-term future are shown in Fig. 11. As it is seen in Figs. 10 and 11, the 

impact of temperature increase in the study area for the second half of the 21st century 

under RCP8.5 conditions becomes much more prominent in comparison to the 

RCP4.5 scenario, as the result of the higher GHG accumulation creating higher 

radiative forcing. The MaxMR and MeanMR of the ensemble is 2.8°C to 6.6°C, and 

3.5°C to 4.6°C, respectively. The areal average of the ensemble means projects a 

4.1°C increase by the end of 2100. The individual model projection by M14 for 

temperature increase by the end of the century is 4.8°C. For the long-term future, the 

temperature change is likely to be statistically significant under the RCP8.5 scenario 

according to all models in the ensemble. Similarly, the previous study on the climate 

change effect on precipitation verified statistically significant precipitation change 

for more than 60% of the MSs in the SA for the majority of RCMs (Mesta et al., 

2022).  
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Fig. 10. Projections for temperature change, ∆𝑇 (°C) in long-term future for RCP4.5 

scenario (for models M3 through M14 all changes are statistically significant at the 

95% confidence level). 

 

Regarding the future projections depicted above (Figs. 5 through 10), CM5A-MR 

and HADGEM2-ES as the driving GCMs of RCMs in the ensemble are seen to 

project a larger size of the climate change impact (i.e., temperature increase) 

compared to CNRM-CM5 and EC-EARTH for both RCP4.5 and RCP8.5 scenarios. 

Furthermore, as regards the long-term temperature increase under RCP4.5 and 

RCP8.5 scenarios, the difference between the two scenarios concerning the impact 
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size is projected to be even more pronounced by RCMs nested in CM5A-MR 

compared to other ensemble members with the same RCMs (i.e., Fig. 10 vs. 11). In 

comparison to other ensemble members, the projections of models using CNRM-

CM5 as the driving model on relatively lower severity of the temperature increase 

might be attributed to the model setup not including the forcing of land-use change. 

The long-term projections on temperature change by two MRI models are shown in 

Fig. 12. Accordingly, M1 projects a slightly higher temperature increase for the 

majority of MSs than M2. Although, both models project a similar range for the 

increase in the temperature mean in the SA. The model ranges of M1 and M2 for 

change in temperature across the SA are 4°C to 5.2°C and 4°C to 5.4°C, respectively. 

Moreover, the areal average of temperature increase is projected as 4.9°C by M1 and 

4.7°C by M2. Hence, MRI models project a slightly higher SA average for 

temperature increase than the mean of 12 CORDEX models. Like the CORDEX 

RCMs, both MRI models project statistically significant changes in temperature in 

the entire SA. The analysis of MRI’s NHRCM projection on change in precipitation 

climatology indicates a statistically significant change for over 40% of the MSs in 

the SA (Mesta et al., 2022). 
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Fig. 11. Projections for temperature change, ∆𝑇 (°C) in long -term future for RCP8.5 

scenario (for models M3 through M14 all changes are statistically significant at the 

95% confidence level). 
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Fig. 12. Projections for temperature change, ∆𝑇 (°C) in long-term future for RCP8.5 

scenario for MRI climate models (for M1 and M2 all changes are statistically 

significant at the 95% confidence level). 

 

Observation of the inter-model variability in projections shows that relative to other 

RCMs, among the ensemble members RACMO22E (with EC-EARTH and 

HadGEM2-ES boundary forcing) displays the highest spatial variability (as can be 

seen in Fig. 13) in the SA regarding the impact on temperature for all future periods 

under both scenarios. Additionally, RACMO22E projects the highest level of impact 

on temperature (Figs. 6 through 11) relative to other RCMs. Hence, it also projects 

for the most prominent difference in the temperature increase between inland and 

coastal areas (e.g., Fig. 11, M8, and M13 in comparison to other RCMs nested in the 

same GCM). On the other hand, HIRHAM5 and CCLM-4-8-17 project relatively 

lower spatial variability in the SA under both RCP4.5 and RCP8.5 (particularly 

evident in long-term projections in Figs. 9 and 10). Additionally, RACMO22E 

nested in EC-EARTH and HadGEM2-ES (M8 and M13) projects a higher difference 

between the impacts projected under RCP4.5 and RCP8.5 scenarios relative to other 

RCMs with the same driving GCMs (i.e., difference between Fig. 10 – 11 for long-

term, and Fig. 8- 9 for medium-term displayed by M8 and M13 in comparison to 

other RCMs with same boundary forcing). 

A gradual increase in temperature is expected by 2100 under both RCP4.5 and 

RCP8.5 scenarios across the entire SA. Although, under the RCP4.5 scenario, most 

of the models agree on a decline in the rate of increase in temperature (increase per 
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decade) for the second half of the century (i.e., long-term future period). Exceptions 

are CCLM4-8-17 (nested in CNRM-CM5) that projects a higher rate of increase for 

the long-term future compared to the medium-term future period for the entire SA, 

and HIRHAM5 (nested in EC-EARTH) projecting a slightly higher rate of increase 

for most of the MSs in the SA. For the remaining models, the rate of increase is 

expected to decline either for the majority or for the entire SA in the long term.  

Under the RCP8.5 scenario, all models except for RCMs using HadGEM2-ES as 

driving GCM project a relatively higher rate of increase for the long-term period 

compared to the medium-term period for the entire SA. Among the RCMs nested in 

HadGEM2-ES, RACMO22E and RCA4 (M13 and M14) project a slightly weakened 

rate of increase for the long term. For CCLM4-8-17 (M12), the rate of increase is 

projected to be only slightly higher in the long-term period relative to the medium-

term for the majority of the MSs. The rest of the models project a higher per decade 

rate of increase in temperature for more than half of or the entire SA.  

The range of projections calculated for the member models in the ensemble for both 

RCP4.5 and RCP8.5 scenario for short-, medium- and long-term future are 

demonstrated by box plots provided in Fig. 13. 
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Fig. 13. Boxplot showing projected change in temperature climatology for (a) short-

, (b) medium-, (c) long-term future under RCP4.5 and RCP8.5 scenarios (the box 

plots of MRI’s AGCM and NHRCM shown in (c) are only for the RCP8.5 scenario 

outputs. In (c) MRI’s AGCM and NHRCM are shown separately from the CORDEX 

RCMs because of the difference in the timeframe of projections. Upper and lower 

whisker boundaries of the boxplot are the largest data within 1.5 IQR (interquartile 

range) above the third quartile and smallest data within 1.5 IQR below the first 

quartile of the data set, respectively). 
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Regarding the inter-model variability, a significant divergence in the model setups 

of RCMs in the ensemble is due to different approaches to the forcing connected 

with changes in GHGs and aerosols in time. Except for RACMO22E and 

ALADIN53, CORDEX-RCMs do not include changing aerosol concentrations in the 

simulations. Therefore, simulations are based on constant aerosol forcings which 

may have an influence on the temperature projections (Sørland et al., 2020) due to 

the effect on the simulated solar radiation (Gutiérrez et al., 2020). Furthermore, 

HIRHAM5 and WRF331F do not include evolution in GHG forcing in time which 

is verified to have a statistically significant effect on the temperature projections 

(Jerez, 2018). The analysis of projections on temperature change from each ensemble 

member for both RCP4.5 and RCP8.5 scenarios (using data series of mean 

temperature at all MSs) indicates, except for RACMO22E, none of the ensemble 

members generates outliers (outside ensemble range of µ±2σ, where µ: ensemble 

mean value and σ: ensemble standard deviation). On the other hand, RACMO22E 

(nested in HadGEM2-ES) has the highest projections for temperature increase in the 

SA that form outlier values for the majority of the MSs for both scenarios in the 

short- and medium-term future and for the RCP4.5 scenario in the long-term future. 

The analysis of the future time-series of annual mean temperature for outliers with 

respect to the ensemble is provided in Supplementary Material (Appendix B).  

Fig. 14 shows the average temperature change with respect to the historic period at 

each basin and at the entire study area projected by the mean of 12 CORDEX RCMs 

and two MRI models for short-, medium- and long-term future. Accordingly, a 

gradual increase in temperature is projected for both RCP4.5 and RCP8.5 scenarios 

by the end of the century. Four of the inland basins (Konya, Akarcay, Burdur, and 

Sakarya basins) located behind the topographical boundary formed by the Taurus 

Mountains are projected to have a slightly higher temperature increase than the 

general average of the study area for both scenarios and throughout the entire century 

from short- to long-term. Nevertheless, as it is seen in Fig. 14 similar rate of increase 

is expected for the 𝐴𝑇 at all basins in the SA particularly for the RCP4.5 scenario. 

The increase in the 𝐴𝑇  at the SA and at the basins located in it is seen to be 
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approximately 1°C above the global mean temperature increase demonstrated by 

AR6 of IPCC for the long-term (2081-2100) compared to the 1850-1900 period 

under the RCP4.5 scenario (IPCC, 2021). Projections on increase in temperature 

mean under the RCP8.5 scenario in the SA by the end of the century are similar to 

the global mean temperature increase defined in AR6 of IPCC for the long-term 

(2081-2100) compared to the 1850-1900 period (IPCC, 2021).  

 

 

Fig. 14. Comparison of the areal average of short-, medium- and long-term 

projections on change in temperature with respect to the historic period at basins in 

the SA (a) for RCP4.5, (b) for RCP8.5. 

 

The amplified temperature increase in inland regions with continental climate 

characteristics is expected to be the result of the intensification of drought conditions 

in the area. The soil moisture acts as a control in the sensible to latent heat flux ratio 

particularly for dry climates and transitional climates between dry and wet 

(Seneviratne et al., 2010). Increased dryness decreases the latent heat flux and the 
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cooling effect of evaporation but increases the sensible heat flux that in turn escalates 

the surface temperature. Haarsma et al. (2009) in their study verified elevated surface 

air temperature in the Mediterranean region causes decline in latent heat flux 

although the surface solar radiation in the region remains relatively stable. The 

increase is related to low soil moisture in semi-arid conditions of the Mediterranean 

region (Haarsma et al., 2009). The control of soil moisture and climate change-

induced dryness is verified to have a strong effect on mean temperature and even on 

mean precipitation; however, the findings for precipitation are with higher 

uncertainty (Seneviratne et al., 2013). For areas such as Central Anatolia with semi-

arid steppe climate, evapotranspiration is very limited but also closely correlated 

with the soil moisture. Decrease in soil moisture due to increasing temperature forms 

positive feedback for the elevated temperatures (Haarsma et al., 2009; Seneviratne 

et al., 2010, 2013; Byrne and O’Gorman, 2018; Selten et al., 2020). Due to limited 

evapotranspiration, offset of the drop in soil moisture by enhanced precipitation is 

not possible. Furthermore, for transitional soil moisture regime or climate (between 

dry and wet) conditions, soil moisture plays an even more critical role in increasing 

climate variability (Seneviratne et al., 2013). Hence, projections for aggravated 

temperature increase in inland areas and the pattern of the intra-regional variability 

of impact on surface air temperature in the study area, that is particularly displayed 

by RACMO22E, RCA4, WRF331F, ALADIN53, MRI-AGCM, and NHRCM 

follow the influence of major local climate drivers.  
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17 4.3. Comparison of changes in temperature and precipitation climatologies 

The potential short-, medium- and long-term changes in precipitation in the SA have 

been previously studied in Mesta et al. (2022). The correlation between potential 

change in temperature and percent change in precipitation according to the average 

of 12 CORDEX RCMs, and NHRCM as the areal average of each basin under RCP 

4.5 and 8.5 scenarios are examined through the graph in Fig. 15. The relation 

between change in precipitation and temperature in the long term according to the 

projection of MRI-AGCM is given in Fig. 16.  

 

 

Fig. 15. Areal average changes at basins in the SA projected for short-, medium, and 

long-term future according to the average projection of 12 CORDEX models, and 

individual projection of NHRCM (Both RCP4.5 and RCP8.5 projections for the 

same basin are shown with the same symbol and color). 
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Fig. 16. Areal average changes at basins in the SA long-term future under RCP8.5 

scenario according to the MRI-AGCM. 

 

As it is seen in Fig. 15, all RCMs project an inverse linear relationship between 

temperature and precipitation change at basins and on average of the entire SA. In 

the long-term future, precipitation is projected to decrease while temperature is 

projected to increase at all the sub-basins. These two simultaneous changes in 

climate may cause amplified stress on the water resources of the SA. The results of 

short-, medium- and long-term projections in precipitation and temperature 

demonstrates the need of tiered adaptation measures to climate change. 

The projections of MRI-AGCM indicate an increase both for precipitation and 

temperature in long-term for the Mediterranean region of Turkey including West, 

Middle, and East Mediterranean basins, stretching along the Mediterranean coastline 

(see Fig. 16). On the other hand, for inland basins around 5°C temperature increase 

concurrent to various levels of decrease in precipitation in the range of 5 to 50% is 

projected. The projections by MRI-AGCM are explained by a potential increase in 

precipitation due to elevated evapotranspiration for the coastal areas where the 

relative moisture is generally higher. However, the precipitation in areas where semi-
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arid continental climate features prevail is expected to drop even more due to the 

depletion of soil moisture.  

 

18 5. Conclusions 

The analysis of a 14-member ensemble for the simulation skills verified better 

performance to replicate the spatial variability of annual temperature climatology in 

the SA for two RCMs (RCA4 and CCLM4-8-17) nested in HadGEM2-ES. This 

complies with the findings by Aziz et al. (2020) that showed the better skill of two 

models in the replication of mean daily temperature climatology regarding the 

regional averages for the Mediterranean, Aegean, and Central Anatolia regions of 

Turkey. In our study two high-resolution MRI climate models, NHRCM nested on 

MRI-AGCM and MRI-AGCM without downscaling also show high simulation 

skills. Although it should be noted that among the driving GCMs used in this study 

MRI-AGCM uses prescribed observation-based SST that eliminates potential biases 

in SST, unlike other CMIP5 GCMs.  

The RCMs using EC-EARTH as the driving model show varying performance skills 

for temperature, while CNRM-CM5 as the driving model produced a relatively poor 

performance for the SA. For RCMs with CM5A-MR forcing, simulation 

performances are found not to be either significantly strong or weak relative to other 

models, although according to the analysis by McSweeney et al. (2015) CM5A-MR 

was shown to have weak performance particularly for the replication of the annual 

temperature and precipitation cycles in the Mediterranean. Regarding other driving 

GCMs in our study, McSweeney et al. (2015) also found that CNRM-CM5, EC-

EARTH, HadGEM2-ES are satisfactory for the simulation in the EURO domain 

regarding the replication of the annual cycles of temperature and precipitation, 

circulation patterns, and storm tracks. Nevertheless, the poor performance of 

CNRM-CM5 as driving GCM for simulation of our SA temperature is interpreted to 

be connected to the technical problem in the model related to the boundary forcing 

conditions (EURO-CORDEX, 2021). Furthermore, unlike other driving GCMs in 
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this study, CNRM-CM5 do not include forcing for land-use change (Collins et al. 

2013; Boé et al., 2020) which may be another factor for its relatively weak 

performance particularly considering that none of the CORDEX RCMs in this study 

includes forcing of land cover changes (Boé et al., 2020). 

The analysis of potential change in annual mean temperature for short-, medium-, 

and long- term future demonstrated a statistically significant temperature increase by 

the end of the 21st century for the entire SA and for all three future periods under 

both moderate (RCP4.5) and high (RCP8.5) CO2 emission scenarios. For both 

scenario conditions and in all three future periods RACMO22E, RCA4, WRF331F, 

ALADIN53, MRI-AGCM, and NHRCM are seen to project a more pronounced 

increase in annual temperature for inland parts of the SA compared to the coastal 

parts. This is considered to be connected with the influence of the Mediterranean 

(and Aegean) Sea and the dry climate in inland regions which is most pronounced in 

the Central Anatolia region with very low annual mean precipitation (<1mm/d) 

(Mesta et al., 2022).  

All models in the 14 member ensemble agree on a gradual and statistically significant 

increase in temperature under both RCP4.5 and RCP8.5 scenarios across the entire 

SA. Under the RCP4.5 scenario, most of the models indicate a decline in the rate of 

increase in temperature (increase per decade) for the long term in the second half of 

the century, whereas under the RCP8.5 scenario, models mostly show a relatively 

higher rate of increase for the long-term period compared to the medium-term period.  

Based on the average of 12 CORDEX RCMs, under the RCP4.5 scenario, a likely 

increase in the areal average of temperature means (𝐴𝑇) of is projected for the in the 

entire SA as 1.2°C, 1.6°C, and 2.5°C for short-, medium-, and long-term future, 

respectively. The likely temperature increase under the RCP8.5 scenario is 1.4°C, 

2.1°C, and 4.1°C for the short-, medium-, and long-term future, respectively. 

Additionally, MRI’s MRI-AGCM and NHRCM project 4.9°C, and 4.7°C increase 

in the areal average of 𝐴𝑇 in the study area for 20 years period at the end of 21st 

century.  
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Combined analysis of the projections on the increase in temperature and decrease in 

percent precipitation on basins in the SA supports an inverse linear relationship. 

Hence, climate change is expected to amplify drought particularly in inland basins 

with increased temperature due to the prevailing dry climate. 

Based on the findings from the study; 

 The analysis indicates variability in the simulation skills of 14 climate models 

for the study area regarding the spatial variability of temperature climatology. 

 The multi-model ensemble analysis verifies a gradual increase in the 

temperature by 2100 under both RCP4.5 and RCP8.5 scenarios at the entire 

study area.  

 Under the RCP4.5 scenario, most models in the ensemble agree that the 

warming will continue, although the rate of increase is expected to diminish. 

On the other hand, for the RCP8.5 scenario, the projections mostly agree on 

an increase with an even more elevated rate at the second half of the 21st 

century.  

 The temperature increase at the inland basins is likely to be more pronounced 

than the coastal areas, which is interpreted to be connected to the drying 

effect of climate change.  

 The simultaneous decrease in precipitation with the increase in temperature 

at all basins in the SA is expected to aggravate the impacts on water resources 

in the SA which necessitate tiered adaptation measures to be put into use. 
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Abstract 

Ensemble analysis is proven to provide advantages in climate change impact 

assessment based on outputs from climate models. Ensembled series are shown to 

outperform single model assessments through increased consistency and stability. 

This study aims to test the improvement of precipitation estimates through the use of 

ensemble analysis for south and southwestern Turkey that is known to have complex 
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climatic features due to varying topography and interacting climate forcings. The 

analysis covers an evaluation of the performance of eight regional climate models 

(RCMs) from EUR11 Domain available from the CORDEX database. The historical 

outputs are evaluated for their representativeness of the current climate of the 

Mediterranean region and its surroundings in Turkey through a comparison with long 

term monthly precipitation time series obtained from ground-based precipitation 

observations by the use of statistical performance indicators and Taylor Diagrams. 

This is followed by a comparative evaluation of three ensemble methodologies, 

Simple Average of the Models, Multiple Linear Regression for Superensemble, and 

Artificial Neural Networks (ANN). The analysis results show that the overall 

performance of ensembled time series is better compared to individual RCMs. ANN 

generally provided the best performance when all RCMs are used as inputs instead 

of selected three best performing RCMs. However, extreme events are poorly 

represented in the ensembled time series, and this may result in inefficient design of 

various water structures such as spillways and storm water drainage systems that are 

based on high return period events. 

Key words: Precipitation, RCM, Artificial Neural Network, Multiple Linear 

Regression 
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26 1. Introduction 

 

The Mediterranean region is expected to be affected most by climate change impacts 

(Gao and Giorgi, 2008). The Mediterranean basin including southern Europe, 

Anatolia, and the Middle East has a very complex topography resulting in a milder 

climate in coastal areas while inland Anatolia experiences extreme weather 

conditions (Sensoy, 2004). Moreover, the climate processes in that region are 

affected by teleconnections and regional processes, the interactions of which are not 

well understood (Hemming et al., 2010; Palatella et al., 2010). The local processes 

and the teleconnections (e.g., North Atlantic Oscillation, North Sea-Caspian) 

interacting those, the effects of the varying topography and the Mediterranean Sea 

itself create large inter-annual and intra-annual variability in the region which also 

shows significant spatial variability depending on local properties (Black, 2010; 

Hemming et al., 2010; Palatella et al., 2010; Bozkurt and Sen, 2011; Onol and Unal, 

2014; Mascaro et al., 2018). 

For the assessment of climate change impacts including impacts on hydrology, 

regional climate models (RCMs) with high resolution are used for local-scale 

assessments (Maharana et al., 2021) and for parameters such as precipitation that are 

mainly controlled by local processes, particularly for regions with a complex 

orography (Sunyer Pinya et al., 2015; Lun et al., 2021; Park et al., 2021). However, 

RCM outputs may contain systematic errors or biases (Stocker et al., 2015; Gutiérrez 

et al., 2019) due to the boundary conditions or imperfect conceptualization, 

discretization, and spatial averaging within grid cells (Fujihara et al., 2008; López‐

Moreno et al., 2008; Teutschbein and Seibert, 2012; Kara and Yucel, 2015). 

Furthermore, studies indicate uncertainties and significant inter-model variability for 

RCM outputs (López‐Moreno et al., 2008; Sunyer Pinya et al., 2015) which are 

even more pronounced for regions with complex terrain features (Evans, 2009). 

Various factors such as the multiplicity of model designs or assumptions amplify the 



 

 

300 

variability and divergence in outputs, particularly for evaluations based on single 

models. Hence, the uncertainties and significant divergence in precipitation outputs 

by various climate models create challenges in impact assessment and planning for 

adaptation.  

To overcome the limitations of the single model assessment in dealing with 

uncertainties multimodel ensemble (MME) assessment is preferred over single 

model assessments. MME approach has been used in various fields such as finance 

(Zhang and Berardi, 2001), ecology (Araújo and New, 2007), atmospheric air quality 

(Galmarini et al., 2004), streamflow forecasting (Ajami et al., 2006), weather 

prediction (Krishnamurti et al., 2000; Roebber et al., 2007), and for climate 

simulations (Kotlarski et al., 2014). Studies have shown that ensemble analysis helps 

to improve the statistical indicators relative to single model analysis, provides more 

consistency and reliability in simulations, and can enable a better understanding of 

uncertainties (Hagedorn et al., 2005; Tebaldi and Knutti, 2007; Sunyer Pinya et al., 

2015; Vautard et al., 2021). The MME approach is based on the use of a set of models 

(Tebaldi and Knutti, 2007; Knutti et al., 2010) and it overcomes the disadvantages 

of single-model-based assessments by using different models with different 

mechanisms that eliminate or reduce poorly represented processes through better-

represented processes from other models in the ensemble group. 

The most common approach of MME is ensemble averaging. In this approach, 

weights are assigned to each member of the ensemble either equally to obtain a 

multimodel simple average (will be referred to as the simple average of the models, 

SAM) or according to some predefined criteria (e.g., weights for relative model 

performances or weights defined by certain statistical techniques) to obtain a 

multimodel weighted average (Giorgi and Mearns, 2002, 2003; Tebaldi and Knutti, 

2007; Christensen et al., 2010).  

A linear statistical MME approach, Superensemble (SE) method uses Multiple 

Linear Regression (MLR) to assign a suitable weight for each model to build an 

ensemble model with a minimized deviation from observations (Krishnamurti et al., 
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1999; 2000; 2016; Stefanova and Krishnamurti, 2002). Studies verify that SE 

provides a better simulation efficiency than single models and SAM (Krishnamurti 

et al., 1999, 2000, 2016; Yun et al., 2005; Cane and Milelli, 2010) by providing a 

bias correction in ensembling. Comparison of SE with ‘‘individual bias removed 

ensemble mean’’ is reported to verify the better performance of SE providing a 

collective bias removal by assigning different weights on member models depending 

on the degree of convergence to observations (Krishnamurti et al., 1999, 2000; Yun 

et al., 2005). Sirdas et al. (2007) tested the efficiency of SE, for the Euro-

Mediterranean region, by the use of monthly and seasonal forecasts of precipitation, 

sea surface temperature (SST), and surface air temperature (SAT) from 13 Global 

Climate Models (GCMs). The outputs obtained with the synthetic SE method for 

winter SST and SAT provided satisfactory results concerning the root mean square 

error (RMSE) and anomaly correlation (AC) coefficient values. 

Another methodology for MME is the Artificial Neural Network (ANN) approach 

(Boulanger et al., 2006; 2007; Krasnopolsky and Lin, 2012; Fan et al., 2021) which 

is also frequently used for statistical downscaling of climate models (Mendes and 

Marengo, 2010; Kang et al., 2015; Okkan, 2015; Okkan and Inan, 2015; Campozano 

et al., 2016; Okkan and Kirdemir, 2016; Vu et al., 2016). For example, Campozano 

et al. (2016) compared the performances of two artificial intelligence methods, 

namely ANN and least squares support vector machines in downscaling of monthly 

precipitation, and the authors concluded that they performed equally well. Regarding 

the use of neural networks in MME, Boulanger et al. (2006, 2007) worked on the 

ensembling of seven Atmospheric-Ocean Global Circulation Models (AOGCMs). 

They used ANN and Bayesian statistics to attain MME with higher efficiency than 

single models for the simulations on temperature and precipitation in South America. 

Krasnopolsky and Lin (2012) developed an ANN model for MME of 24-hour 

precipitation forecasts and demonstrated improvements in the forecasts over 

Continental US. Furthermore, their findings verified superior results of the nonlinear 

ANN approach compared to the linear approaches (including MLR) in MME for 

forecasting. In a more recent study, Fan et al. (2021) used ANN to improve the 
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Climate Forecast System (CFS) of the US National Oceanic and Atmospheric 

Administration (NOAA) for week 3-4 precipitation and 2-meter air temperature 

forecasts. The study developed an ANN model for MME by the use of a set of 

predictors and the predictand. The study results revealed that MLR and ANN 

provided superior results over bias-adjusted CFS, and MME through ANN improved 

forecasts better than MLR in many aspects. However, despite improvements in 

forecasting skills through MME with ANN, some weaknesses regarding RMSE and 

AC skills are still notified (Fan et al., 2021). 

Studies on local impacts of climate change regarding hydrology, crop yields, and 

reservoir inflows for various basins in Turkey use the benefit of the ensemble 

approach by including the SAM in the analysis (Kitoh, 2007; Ozdogan, 2011; Okkan 

and Inan, 2015). In their study, on climate change in Gediz Basin in western Turkey, 

Okkan and Kirdemir (2016) used a multi-GCM ensemble based on Bayesian Model 

Averaging (BMA) for 12 GCMs from Coupled Model Inter-comparison Project 

Phase 5 (CMIP5) after statistical downscaling with ANN and least squares support 

vector machine methods. In another study, Cakir et al. (2013) used historical records 

from 50 meteorological stations across Turkey to test the ANN ensemble approach 

for temperature. Their study verified that the ANN ensemble generates more accurate 

results compared to the simple bias-corrected ensemble mean. On the other hand, the 

study does not provide any evaluation for a comparison of the nonlinear ANN 

approach with the linear MLR approach and concludes the necessity of comparison 

for future studies. 

To the best of our knowledge, the use of ANN for MME for the Mediterranean region 

is very limited and only a few studies are published on the use of ANN for ensemble 

analysis for Turkey. Moreover, for Turkey, there are still not many studies using 

multiple high-resolution CORDEX RCMs to evaluate relative model performances 

in comparison to MME. Therefore, the objective of our study is to evaluate the 

efficiency of ensemble analysis with the nonlinear ANN approach and to compare it 

with conventional linear MME methodologies, namely SAM and SE. The study uses 

CORDEX data of RCM outputs. The evaluation is done through comparison with 
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reference data from local stations in the south and southwestern Turkey that provide 

long-term daily precipitation time series. The comparison of the efficiencies of ANN, 

SAM, and SE showed that for most stations, correlation and normalized root-mean-

square difference (RMSD) values improved by MME compared to the best 

performing individual RCM and the ANN approach showed relatively best skills, in 

general. However, certain weaknesses to represent the variability of precipitation due 

to the reduction of the extreme or low-frequency events are also detected for ANN, 

SAM, and SE through the analysis. 

 

27 2. Case Study 

28 2.1. Study Area 

 

In this study, the historical simulation results of eight RCMs are used for the 

multimodel ensemble analysis. This paper makes a comparison of the efficiency of 

the linear and nonlinear ANN ensembling methodologies relative to the individual 

raw RCM outputs regarding the replication of the historical precipitation. For the 

analysis, the observed and simulated daily total precipitation for 14 meteorological 

stations (MSs) throughout south and southwestern Turkey including the 

Mediterranean coast and its hinterland are used (Figure 1). The meteorological 

stations are selected from different climatologic regions (i.e., coastal and inland 

Mediterranean, inland Aegean and Central Anatolian regions) and major basins of 

Turkey to assess the potential effect of spatial differences. The characteristics of 

these MSs are given in Table 1.  

 

[Figure 1. The Study Region and the locations of Meteorological Stations] 

 

[Table 1. The characteristics of Meteorological Stations (MSs) used in this study] 
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29 2.2. Data  

 

For the ensemble analysis, the daily precipitation data for the closest grid to the MSs 

(See Table 1, the last column gives the distance between MS and center of the nearest 

model grid) are extracted from the historic simulation results of eight RCMs for the 

EUR-11 Domain (with the horizontal grid spacing of 0.11°) available from the 

CORDEX database (ESGF, 2020). RCMs used in this study together with their 

driving GCMs are given in Table 2. All of the eight RCMs have daily historical 

simulation outputs for the period between 1951 and 2005. The historical daily total 

precipitation time series from 1951 to 2005 are extracted for the relevant modeling 

grids by the use of the R code developed by Kentel et al. (2019). The daily time 

series are converted to monthly mean precipitation time series to be used in 

ensembling. These will be referred to as RCM Time Series (RCMTS) from hereafter. 

 

[Table 2. Overview of RCMs used in the study] 

 

The observed daily total precipitation data for the same historical period (1951 to 

2005) from 14 meteorological stations operated by the Turkish State Meteorological 

Service are used as reference data in the study. The observed precipitation is used 

for the training of SE and ANN models and for the testing of the simulation 

efficiency of the ensembled time series. For this purpose, the observation data is 

initially screened through a Quality Check (QC) process (Figure 2). In the QC, the 

observation data are initially screened for continuous data gaps. The months, that are 

identified to have more than ten days of missing records are removed from the 

dataset. The observed monthly mean precipitation time series is formed by the use 

of the remaining months. As a second stage of the QC, the data for the months with 
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less than 0.1 mm precipitation record outside the dry season raised an error flag and 

are excluded from the data series as well.  

In the study region, July, August, and September are the main dry months during 

which monthly mean precipitation is likely to drop to distinctly low levels or even to 

zero. Hence, annual precipitation is mostly received during the remaining months. 

Therefore, monthly mean precipitation records of zero for the months outside of the 

dry season raised an error flag. After the removal of the months with long data gaps 

and monthly means with an error flag, the final Quality Checked Dataset (QCD) of 

the observed precipitation is obtained. Time series of observed precipitation 

generated using QCD will be referred to as the Observed Time Series (OTS) from 

hereafter. The OTS is used for the application and testing of ensemble 

methodologies. 

 

30 3. Methodology 

31 3.1. Formation of Training and Validation Data Sets 

The analysis includes a comparison of the efficiencies of linear methodologies with 

the nonlinear ANN approach for ensembling of the climate simulation outputs to 

replicate the observed precipitation. The use of linear and nonlinear methodologies 

for ensembling of of eight RCMTS is based on a benchmark with the aforementioned 

OTS. Training and validation data sets that are used in SE and ANN methodologies 

are formed from the randomly selected data points of eight RCMTS and OTS. The 

relevant data sets include the same data points (from the same grid point and same 

point in time) of all time series. To test the robustness of the linear and nonlinear 

approaches, 5-fold cross-validation (80% for training and 20% for validation) is 

used. Training and subsequent validation for the ensembled time series are done for 

each fold separately. Log transformation and normalization are applied to data sets 

before ensembling to improve efficiency. 
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Ensembling is carried out for two different sets of inputs. The first set is composed 

of all eight RCMTS (referred to as AllMs in Figure 2). The second set is composed 

of three best-performing RCMTS selected among available eight RCMTS (referred 

to as SMs in Figure 2). However, as mentioned above, due to the multidimensional 

variability of climate outputs, the selection of the best or most representative model 

is a challenging task. Although there is an ample number of metrics that provide an 

evaluation from different aspects of climate features (Knutti et al., 2010), no standard 

set of performance metrics is defined for specific assessment purposes (Baker and 

Taylor, 2016). Taylor diagram (Taylor, 2001) is among the most common means of 

depicting the relative performance skill of models. Thus, in this study, Taylor 

Diagrams are used to select three best-performing RCMTS (see Figure 2) for each 

MS.  

As an example, Figure 3 provides the Taylor Diagram for Usak MS (17188) 

comparing the OTS with eight RCMTS for the entire period between 1951 to 2005. 

Each RCMTS is represented by a symbol on the Taylor Diagram. The correlation 

coefficient, which is represented by the azimuthal angle, the centered RMSD which 

is represented by the distance from the OTS (i.e., the point marked with a plus in a 

circle on the x-axis) to the symbol of the RCMTS and the standard deviation (SD) 

which is represented by the radial distance from the origin are plotted on the Taylor 

Diagram. The position of each symbol indicates how similar that RCMTS and OTS 

are. Euclidian distance from the OTS to the symbol of the RCMTS is calculated and 

three best performing RCMs are identified as the models having three shortest 

Euclidian distances. For Usak MS, the best-performing three RCMs are M4, M7, and 

M3. Table 3 gives three best-performing RCMs for each MS in the descending order 

of simulation skills based on the corresponding Taylor Diagrams. In this study, two 

types of MMEs (i.e., MME of all RCMs, and MME of best-performing three RCMs) 

are generated by using ANN, SE, and SAM methods as shown in Figure 2. 

 

[Figure 2. Flowchart of the methodology] 
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[Figure 3. Taylor Diagram of Usak MS (17188)] 

 

[Table 3.  Selected Models (SMs) for Meteorological Stations (MSs)] 

 

. 

32 3.2. Artificial Neural Networks for Ensembling 

The ensembling process used to simulate monthly mean precipitation values at a 

selected grid 𝑖 using RCMTS at the same grid using all models (AllMs) or only the 

selected three models (SMs) can be mathematically represented as follows: 

 𝐴𝑁𝑁𝑖,𝑡
𝐴𝑙𝑙𝑀 = 𝑓(𝑅𝐶𝑀𝑖,𝑡

1 , 𝑅𝐶𝑀𝑖,𝑡
2 , … , 𝑅𝐶𝑀𝑖,𝑡

8 , ), ∀𝑖, ∀𝑡 (1) 

 

 𝐴𝑁𝑁𝑖,𝑡
𝑆𝑀 = 𝑓(𝑅𝐶𝑀𝑖,𝑡

1 , 𝑅𝐶𝑀𝑖,𝑡
2 , 𝑅𝐶𝑀𝑖,𝑡

3 , ), ∀𝑖, ∀𝑡 (2) 

 

where 𝐴𝑁𝑁𝑖,𝑡
𝐴𝑙𝑙𝑀 is the ANN ensemble generated using all RCMs at grid 𝑖 for month 

𝑡, 𝑅𝐶𝑀𝑖,𝑡
𝑗

 is the 𝑗𝑡ℎ RCMs at grid 𝑖 for month 𝑡. When all models are used in 

generating the ensemble, 𝑗 = 1,2, … ,8. 𝐴𝑁𝑁𝑖,𝑡
𝑆𝑀 is the ANN ensemble generated 

using three selected RCMs based on Taylor Diagrams at grid 𝑖 for month 𝑡. For each 

MS, selected three RCMs are given in Table 3. In this study, 14 MSs are used; thus, 

𝑖 = 1,2, … ,14. The simulation period is from 1951 to 2005, but the months that could 

not pass the quality check are eliminated, thus ensembles are calculated for 𝑡 =

1,2, … , 𝑇 where 𝑇 is at most 660.  

As can be seen in Figure 2, two ANN models – one using eight RCMs (i.e., 8 input 

nodes) and the other using outputs of three selected RCMs (i.e., 3 input nodes) as 
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inputs – are built for each MS. One hidden layer with six and two hidden nodes for 

AllMs and SMs, respectively are used in all ANN models in this study. The number 

of hidden nodes is selected after multiple trials to avoid overfitting. The architecture 

for the ANN model built for Anamur MS (17320) which uses all RCMs as inputs is 

shown in Figure 4. In this study, the Sigmoid activation function is used in all ANN 

models and all data is scaled to 0.1-0.9 range. The momentum, the learning rate and 

maximum iterations are identified through trial and error. Various combinations of 

momentum and learning rate from the ranges of 0.001 to 0.9 and 0.001 to 0.5, 

respectively are tested. Finally, the momentum and learning rates are selected as 0.5 

and 0.05, respectively. The maximum number of iterations is set to 2000 for all ANN 

models. Larger number of iterations have been tested however no significant 

improvement is achieved when all cross-validation runs are considered. 

 

[Figure 4. ANN model architecture for Anamur MS (17320)] 

 

33 3.3. Simple Average of the Models for Ensembling 

SAM of all models (Equation 3) and best-performing three models (Equation 4) are 

calculated based on the arithmetic average of the anomalies simulated by the RCMs 

by the use of the following equations (Cane and Milelli, 2010):   

 

𝑆𝐴𝑀𝑖,𝑡
𝐴𝑙𝑙𝑀 = 𝑂𝑖 +

1

8
∑(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  ) 

8

𝑗=1

, ∀𝑖, ∀𝑡 (3) 

 

 

𝑆𝐴𝑀𝑖,𝑡
𝑆𝑀 = 𝑂𝑖 +

1

3
∑(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  )

3

𝑗=1

 , ∀𝑖, ∀𝑡 (4) 
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where 𝑆𝐴𝑀𝑖,𝑡
𝐴𝑙𝑙𝑀 is the SAM ensemble generated using all RCMs at grid 𝑖 for month 

𝑡, 𝑆𝐴𝑀𝑖,𝑡
𝑆𝑀 is the SAM ensemble generated using three best-performing RCM outputs 

at grid 𝑖 for month 𝑡, 𝑅𝐶𝑀𝑖
𝑗̅̅ ̅̅ ̅̅ ̅̅   is the climatology determined by 𝑅𝐶𝑀 𝑗, and 𝑂𝑖 is the 

mean observation or observed climatology value at grid 𝑖. 

𝑅𝐶𝑀𝑖
𝑗̅̅ ̅̅ ̅̅ ̅̅ =

1

𝑇
∑ 𝑅𝐶𝑀𝑖,𝑡

𝑗

𝑇

𝑡=1

, ∀𝑖, ∀𝑗 

𝑂𝑖 =
1

𝑇
∑ 𝑂𝑖,𝑡

𝑇

𝑡=1

, ∀𝑖 

where 𝑂𝑖,𝑡 is the observed precipitation at grid 𝑖 at month 𝑡. 

 

34 3.4. Multiple Linear Regression for Ensembling 

 

The use of MLR for ensembling is done based on the Superensemble method 

suggested by Krishnamurti et al. (1999, 2000):  

 

𝑆𝐸𝑖,𝑡
𝐴𝑙𝑙𝑀 = 𝑂𝑖 + ∑ 𝑎𝑗(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  ) 

8

𝑗=1

, ∀𝑖, ∀𝑡 (5) 

 

 

𝑆𝐸𝑖,𝑡
𝑆𝑀 = 𝑂𝑖 + ∑ 𝑎𝑗(𝑅𝐶𝑀𝑖,𝑡

𝑗
− 𝑅𝐶𝑀𝑖

𝑗̅̅ ̅̅ ̅̅ ̅̅  ) 

3

𝑗=1

, ∀𝑖, ∀𝑡 (6) 

 

where 𝑆𝐸𝑖,𝑡
𝐴𝑙𝑙𝑀 is the SE generated using all RCMs at grid 𝑖 for month 𝑡, 𝑆𝐸𝑖,𝑡

𝑆𝑀 is the 

SE generated using three selected RCMs at grid 𝑖 for month 𝑡, 𝑎𝑖 is the weight of 

𝑅𝐶𝑀 𝑗 optimized for the training period to minimize the difference between 

observed and modeled precipitation at grid 𝑖 based on the conventional MLR. In 
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order to enable benchmarking between three methods, the same training and 

validation datasets are used for all three ensemble approaches for each fold.  

 

35 4. Results and Discussion 

In the tables and figures given in this section, MSs are sorted based on their proximity 

to the sea, in order to observe the potential spatial effect. 5-fold validation is used to 

test the performance of each approach (i.e., each data point is used in one of the 

validation data sets). The comparison of the performance ranges of ensembles with 

the performance range of individual RCMs regarding five validation data sets are 

given in Figures 5 and 6 for SMs and AllMs, respectively. The performance ranges 

in Figures 5 and 6 represent the range of correlation (Pearson correlation coefficient) 

values of each ensemble method (ANN, SE, SAM) with the observed for SMs and 

AllMs, respectively.  

 

[Figure 5. Comparison of correlation performances when selected models (SMs) 

are used as inputs] 

 

[Figure 6. Comparison of correlation performances when all models (AllMs) are 

used as inputs] 

 

As can be seen from Figures 5 and 6, ensembling with ANN, SE, or SAM improves 

the correlations for most of the validation data sets. Moreover, more consistent 

estimates are obtained from ensembling compared to the single RCMs in terms of 

correlations. Better improvement is achieved when all the models are used in the 

ensemble. Although the model performances generally are better for MSs closer to 

the sea, variation of the correlation of the models varies regardless to spatial 

characteristics of the MSs.  
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In the rest of this study, the Ensembled Time Series (ETS) is used to evaluate the 

ensemble performance of each approach (i.e., ANN, SE, and SAM). The ETS is 

generated by combining together the validation data sets of five folds. The 

Correlation, RMSD and Percent Bias (PBIAS) values of the best and the worst 

performing RCMs, the ETS obtained from ANN, SE, and SAM approaches with 

selected and all models are given in Tables 4, 5 and 6, respectively. Stations are listed 

according to their approximate distances from the sea (see Table 3) and the best 

performing model for each station is given in bold.  

 

[Table 4. Correlation values of the best and the worst RCMTS and the ETS 

obtained from ANN, SE, SAM approaches] 

 

As can be seen in Table 4, the ETS obtained from ANN_AllMs generally resulted in 

the best correlations, except for two stations (i.e., 17238 and 17240) for which 

ANN_SMs, and for two other stations (i.e., 17340 and 17330) for which 

SAM_AllMs provided the best correlations. The performances of both ANN models 

(selected and all) are very similar to each other. For all stations, other than 17238, 

17239 and 17240, when all models are used, correlations improved but less than 5%. 

On the other hand, for SE, correlation values improved more than 5% for eight of 

the stations when all models are used instead of three best-performing RCMs as 

inputs. The improvement is more pronounced for SAM. When all models are used 

instead of three selected models, correlations of 11 stations improved more than 5%. 

In fact, for 17340 and 17239, the improvement was more than 20%. Thus, it can be 

concluded that generally, performance in terms of correlations is better when all 

models instead of the selected three best- performing models are used as inputs and 

SAM benefits the most from ensembling all available RCMs. 

For correlation, the ETS, generated using all models or selected three models, 

perform better than the best RCMTS for all stations. As can be seen in the third and 
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fifth columns of Table 4, RCMTS has a large range of correlation performances. The 

difference in model performance according to the atmospheric instability in local 

scale is also reported in the study conducted by Baghanam et al. (2020).  Thus, 

utilization of a single RCM for future precipitation projections is prone to high 

uncertainty. Moreover, stations closer to the sea generally perform better compared 

to the inland ones (i.e., correlations have a decreasing trend from the top to the 

bottom in Table 4). Milder climatologic conditions experienced in Mediterranean 

coasts compared to the inland Anatolia might be the reason of it. As seen in Figure 

6, the performance of the ETS is influenced by the performance of the RCMTS in 

the ensemble set. Hence, using better performing RCMs as inputs results in the ETS 

to have better performance in terms of correlations. Percent improvements in 

correlation when the ETS is evaluated with respect to the best RCMTS are given in 

columns 2, 3 and 4 of Table 7 for ANN, SE and SAM, respectively. Up to 38% 

improvement is achieved due to ensembling.  

 

[Table 5. RMSD values of the best and the worst RCMTS and the ETS obtained 

from the ANN, SE, SAM approaches.] 

 

Similar to correlations, the ETS obtained from ANN_AllMs generally resulted in the 

best RMSD values (see Table 5). For 17340, 17240, 17239, and 17190 either SE or 

SAM with all models resulted in better RSMD values, while for 17238, SE_SMs 

provided the minimum RMSD. The performances of both ANN models are very 

similar to each other. Improvements in RMSD when all models are used instead of 

selected three are less than 3% for all stations, other than 17290, 17292 and 17300. 

Similarly, for SE, improvements are less than 3% for all the stations and in fact for 

17320, 17238 and 17188 SE_SMs performed better than SE_AllMs. On the contrary, 

improvement in RMSD is more than 5% for 12 stations when SAM is used for 

ensembling. Thus, it can be concluded that generally, all methods perform better in 
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terms of RMSD when all models instead of the selected three models are used as 

inputs, but SAM benefits the most from ensembling larger number of inputs.  

For RMSD, the ETS, generated using all models or selected three models, perform 

better than the best RCMTS for all stations. Percent improvements in RMSD (i.e., 

decrease in RMSD) when the ensembled VTS is evaluated with respect to the best 

RCM are given in columns 5, 6 and 7 of Table 7 for ANN, SE and SAM, respectively. 

The improvements in RMSD range between 9% to 28% when the ETS are used 

instead of the best RCMTS.  

 

[Table 6. PBIAS values of the best and the worst RCMTS and the ETS obtained 

from the ANN, SE, SAM approaches.] 

 

As can be seen from Table 6, bias correction performance of ensembling is not as 

good as those of Correlation and RMSD. All ensemble results are in the range of 

Best and Worst RCMTS performances for all stations. Thus, the ETS perform better 

than some of RCMTS but generally not as good as the Best RCMTS. PBIAS values 

of the best RCMTS is better than all the ETS for all the stations other than 17238, 

17240, 17244, 17188 and 17190. For ANN, utilization of all models compared to 

selected models improves PBIAS values for all the stations other than 17239 and 

17188, but not to the level of the best RCMTS. For SE, PBIAS values improve when 

all models are used for half of the stations. In contrast, PBIAS values are better when 

selected models are used for all stations other than 17296 and 17300 for SAM. So, it 

can be concluded that PBIAS values of the best RCMTS cannot be achieved with 

either of the three ensembling methods with all or selected models. Thus, when the 

goal is to obtain precipitation time series with minimum bias, the best performing 

RCMTS should be preferred over the ETS.  

Percent deterioration in PBIAS when the ETS obtained by using the better of the 

selected or all models are evaluated with respect to the best RCMTS and are given 
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in the last three columns of Table 7. For most of the stations, higher PBIAS values 

are obtained for the ETS compared to those obtained for the best RCMTS. This 

outcome does not support the literature where multi model ensemble is reported to 

reduce model biases (Krishnamurti et al., 1999, 2016; Tebaldi and Knutti, 2007). In 

this study, we believe that poor performance of ensembling for PBIAS is partially 

due to utilization of log-transformed inputs. In order to test this hypothesis, the ETS 

are generated for MS 17320 which has the worst PBIAS performance (see Table 7) 

using only normalized RCMTS as inputs (i.e., log-transformation is not applied to 

input data). AllMs are used to generate the ETS and the results are given in Table 8. 

Log-transformation does not significantly affect correlation and RSMD 

performances of ensembling. However, PBIAS values decrease significantly, almost 

to the level of the best performing RCMTS, when log-transformation is not used. 

Thus, when the goal is to reduce biases, it is beneficial to use RCMTS directly, 

without log-transformation.  

The superior results for simulation skills regarding correlation and RMSD indicate 

the advantage of the use of MME over single model analysis for long-term climate 

assessments. Furthermore, the MME obtained by the use of the nonlinear ANN 

method has a relatively better performance compared to the linear ensembling 

methods regarding both MLR and simple ensemble averaging. Hence, the improved 

representation skills by nonlinear ANN over linear methods obtained as a result are 

in agreement with the findings from a study by Krasnopolsky and Lin (2012) for the 

continental US. Krasnopolsky and Lin (2012) denote that, nonlinear approaches 

provide better representation for long term simulations, and for precipitation fields 

with high gradients and sharp, localized features for which the linearity assumption 

is not applicable, and therefore ANN generates better skills compared to the 

conventional linear methods. 

 

[Table 7. Percent changes in Correlation, RMSD and PBIAS values of the ETS 

relative to the best RCMTS] 
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[Table 8. Effect of log-transformation on ensemble performance for Anamur MS 

(17320)] 

 

To provide a visual comparison of RCMTS and ETS Taylor Diagrams for all MSs 

are given in Figure 7. The legend is given at the bottom right corner of the figure. 

The outputs that are close to the reference/observed are the better performing ones. 

As can be seen from Figure 7, RCMs (marked with grey circles) always have lower 

correlation and higher RMSD values compared to those of the ensembled outputs as 

demonstrated in Tables 4 and 5. However, improvement in correlation and RMSD is 

maintained with ensembling at the cost of losing variance (see Normalized Standard 

Deviation performances in Figure 7). 

To represent the performance of ensembling in terms of reproducing the mean and 

variation of the OTS, the relative mean (i.e., the mean of RCMTS or ETS divided by 

the mean of the OTS) versus the relative standard deviation (i.e., the standard 

deviation of RCMTS or ETS divided by the standard deviation of the OTS) plots are 

given in Figure 8. The relative mean values of the ETS are bounded between 0.75-

1.00, while relative standard deviations are around 0.5 for all MSs. On the other 

hand, the relative standard deviations of RCMTS are between 0.5-1.5, while the 

relative means of RCMTS are highly scattered (especially for MS 17240 and 17190). 

One noteworthy drawback of ensembling is that it causes time series to accumulate 

around mean as can be seen in Figure 8. Moreover, the standard deviation values of 

the ETS are significantly lower than those of the RCMTS in comparison with the 

OTS (see Figure 7 and 8). Thus, it can be concluded that through ensembling, higher 

variations in RCMTS are mapped into ETS with lower variations.  

The ETS obtained by ANN_AllMs for 17290 which has a very good performance 

(i.e., correlation=0.67, RMSD=1.85 mm, PBIAS=14.2) is given in Figure 9. Eight 

RCMTS used in ensembling and the OTS are marked with grey and dashed black, 
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respectively. As can be seen in Figure 9, despite following the general trend, the ETS 

obtained by ANN_AllMs do not show the variation that exists in the OTS. For MS 

17290, the relative standard deviations for four RCMTS (M1, M2, M3, M7) have 

similar values to those of the ETS, but three RCMTS (M4, M5, M8) have the 

normalized standard deviations very close to the OTS (see Figure 8).  Although, their 

correlation and RMSD values are lower than those of the ETS, these three RCMTS 

which have higher normalized standard deviations represent the variability in 

observed precipitation better. Hence, a set of individual climate models with 

different mechanisms provides a better representation of the potential variability in 

observations. The cumulative distribution functions of the ETS obtained from 

ANN_AllMs, observations, and RCMTS demonstrate this behavior (Figure 10). As 

shown in Figure 10, the cumulative distribution functions of three RCMTS (M4, M5 

and M8) are more similar to that of the OTS compared to the ANN_AllMs for 

MS 17290. However, as reported in Mascaro et al. (2018) the performance skills of 

RCMs in capturing the variation of climatological precipitation patterns at small 

temporal scales are limited. Hence, the use of a single model for the assessment may 

cause higher biases in evaluations due to unconsidered uncertainties, especially for 

regions having complex spatial characteristics like the Mediterranean region. Given 

that, ensembled data series can be considered to be particularly useful in assessment 

when evaluated in integration with the likely ranges including relatively low 

frequency and/or extreme events identified through a large ensemble set of 

individual models with diverse approaches or assumptions.  

Providing more consistent estimates, ensembling is advisable for station simulation 

(Xu et al., 2020). Ensembling, on the other hand, improves correlation and RMSD 

performances at the cost of reducing the variability in the precipitation. Thus, it can 

be concluded that in the estimation of the total depth/volume of precipitation over a 

long period of time, utilization of ensembled results will be beneficial. However, 

when the goal is to select extreme precipitations to be used in design discharge 

calculations of water structures, peak values of individual RCMs will be more 

conservative; thus, may be better preferred.  
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[Figure 7. Taylor Diagram of RCMTS and the ETS obtained from ANN, SE, SAM 

for all MSs (legend and explanation of axis are provided on the bottom right 

diagram)] 

 

[Figure 8. The relative mean versus relative standard deviation of RCMTS and the 

ETS obtained from ANN_AllMs, SE_AllMs, SAM_AllMs for all MSs] 

 

[Figure 9. ETS obtained from ANN_AllMs, observations, and eight input RCMs for 

Bodrum MS (17290)] 

 

[Figure 10. Cumulative distribution functions for the ETS obtained from 

ANN_AllMs, observations, and eight input RCMs for Bodrum MS (17290)] 

 

36 5. Conclusions 

The objective of this study is to examine the effect of the multimodel ensembling on 

the precipitation simulations for a study region in the south and southwestern Turkey 

with complex climatic features. In the analysis, three ensembling approaches, 

namely SAM, SE and ANN, are applied by the use of the historical outputs of eight 

RCMs from the CORDEX database. Long term monthly precipitation time series 

obtained from ground-based precipitation observations from fourteen meteorological 

stations is used as the benchmark. This study provides a comparison of the 

improvement in replication skills of historical precipitation simulations from 

individual RCMs by the use of linear and nonlinear MME methods.  Main findings 

of the study are as follows: 
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 The analysis results show that the overall performance of the ensembled time 

series is better compared to individual RCMs. Generally, stations in the 

coastal strip have better performing RCMs, thus ensembling works better for 

these stations compared to the inland ones. 

 ANN generally provided the best performance among the three ensembling 

methodologies, particularly regarding the correlation and RMSD values 

calculated for the test data series. Additionally, it is seen to perform better 

when all RCMTS are used as inputs instead of selected three best performing 

RCMTS as inputs.  

 Analysis of the individual RCMTS in a multimodel analysis generates a wide 

range of correlations and RMSD, hence, high uncertainty, however, the use 

of multimodel ensembling reduces the model uncertainty. On the other hand, 

PBIAS values for MME are seen to be higher than the value for the best 

individual model. It is observed that bias reduction, almost to the level of the 

best RCMTS performance, is achieved when input time series are directly 

used (i.e., without log-transformation) in ensembling. 

 Despite the advantages in reducing uncertainty and improvement in 

correlation and RMSD values, ensembling is verified to increase the 

simulation performance at the cost of reducing the variability in the 

precipitation. It should be realized that extreme events are poorly represented 

in the ensembled time series, and this may result in inefficient design of 

various water structures such as spillways and storm water drainage systems 

that are based on high return period events. Thus, it can be concluded that 

ensembling is more useful in estimation of the total depth/volume of 

precipitation over long time periods, rather than for the simulation of extreme 

precipitations. 
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TABLES IN MANUSCRIPT 

Table 1. The characteristics of Meteorological Stations (MSs) used in this study 

MS ID* MS Name 
Elevation 

(m ASL) 

Latitude 

(DD) 

Longitude 

(DD) 

Distance to 

the sea  

(km) 

Distance to 

the center of 

the nearest 

RCM grid 

(km) 

17290 BODRUM 26 37.03 27.44 0 4.4 

17296 FETHIYE 3 36.63 29.12 0 5.3 

17320 ANAMUR 2 36.07 32.86 0 3.8 

17340 MERSIN 7 36.78 34.6 0 4.8 

17300 ANTALYA  64 36.91 30.8 6 2.4 

17330 SILIFKE 10 36.38 33.94 7 3.7 

17292 MUGLA 646 37.21 28.37 17 3.3 

17238 BURDUR 957 37.72 30.29 100 5.6 

17240 ISPARTA 997 37.78 30.57 100 5.6 

17246 KARAMAN 1018 37.19 33.22 115 4.2 

17244 KONYA  1031 37.98 32.57 165 2.2 

17239 AKSEHIR 1002 38.37 31.43 170 4.3 

17188 USAK 919 38.67 29.4 195 3.9 

17190 AFYON 1034 38.74 30.56 205 5.6 

*MS ID: Meteorological Station ID used by the Turkish State Meteorological Service 
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Table 2. Overview of RCMs used in the study 

Driving GCM 

RCM 
Model 

ID* 

Name Institution  

CNRM-CM5 (CNRM-CERFACS) CCLM4-8-17 
Climate Limited-area Modelling 

Community (CLM-Community) 
M1 

CNRM-CM5 (CNRM-CERFACS) ALADIN53 
Centre National de Recherches 

Météorologiques (CNRM) 
M2 

EC-EARTH (ICHEC) CCLM4-8-17 
Climate Limited-area Modelling 

Community (CLM-Community) 
M3 

EC-EARTH (ICHEC) RACMO22E 
Royal Netherlands Meteorological Institute 

(KNMI) 
M4 

EC-EARTH (ICHEC) HIRHAM5 Danish Meteorological Institute (DMI) M5 

CM5A-MR (IPSL) WRF331F 
Institut Pierre-Simon Laplace (IPSL-

INERIS) 
M6 

HadGEM2-ES (MOHC) CCLM4-8-17 
Climate Limited-area Modelling 

Community (CLM-Community) 
M7 

HadGEM2-ES (MOHC) RACMO22E 
Royal Netherlands Meteorological Institute 

(KNMI) 
M8 

*Climate model ID used in this study. 

 

Table 3.  Selected Models (SMs) for Meteorological Stations (MSs) 

MS ID MS Name SMs 

17290 BODRUM M7 M3 M4 

17296 FETHIYE M5 M4 M2 

17320 ANAMUR M5 M4 M8 

17340 MERSIN M4 M6 M5 

17300 ANTALYA AIRPORT M2 M4 M6 

17330 SILIFKE M5 M4 M6 

17292 MUGLA M7 M3 M4 

17238 BURDUR M5 M4 M8 

17240 ISPARTA M4 M3 M7 

17246 KARAMAN M5 M4 M8 

17244 KONYA AIRPORT M5 M4 M8 

17239 AKSEHIR M4 M3 M8 

17188 USAK M4 M7 M3 
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17190 AFYON M4 M8 M5 

Table 4. Correlation values of the best and the worst RCMTS and the ETS obtained 

from ANN, SE, SAM approaches 

Correlation 

MS 

ID* 

RCMTS ETS 

Best RCM Worst RCM ANN SE SAM 

Model Value Model Value SMs AllMs SMs AllMs SMs AllMs 

17290 M4 0.57 M1 0.25 0.64 0.67** 0.62 0.66 0.61 0.66 

17296 M5 0.52 M2 0.16 0.60 0.62 0.57 0.61 0.54 0.61 

17320 M5 0.53 M2 0.26 0.66 0.66 0.61 0.62 0.60 0.62 

17340 M7 0.46 M2 -0.02 0.51 0.52 0.47 0.51 0.45 0.54 

17300 M4 0.43 M6 0.19 0.54 0.56 0.51 0.55 0.48 0.55 

17330 M8 0.45 M2 0.17 0.56 0.57 0.54 0.56 0.51 0.58 

17292 M8 0.57 M2 0.30 0.61 0.66 0.61 0.64 0.59 0.65 

17238 M8 0.37 M6 0.11 0.47 0.45 0.45 0.43 0.42 0.45 

17240 M4 0.40 M2 0.15 0.47 0.46 0.43 0.47 0.46 0.45 

17246 M7 0.42 M2 0.14 0.54 0.55 0.48 0.50 0.47 0.51 

17244 M7 0.35 M2 0.07 0.46 0.48 0.44 0.47 0.44 0.46 

17239 M7 0.35 M2 0.04 0.41 0.44 0.39 0.44 0.37 0.45 

17188 M8 0.42 M2 -0.14 0.51 0.53 0.51 0.49 0.48 0.53 

17190 M3 0.29 M2 0.12 0.39 0.40 0.36 0.40 0.37 0.40 

*MSs are given in the order of proximity to the sea, **The best performing model for each station is 

given in bold. 
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Table 5. RMSD values of the best and the worst RCMTS and the ETS obtained from 

the ANN, SE, SAM approaches 

RMSD (mm) 

MS 

ID* 

RCMTS ETS 

Best RCM Worst RCM ANN SE SAM 

Model Value Model Value SMs AllMs SMs AllMs SMs AllMs 

17290 M4 2.26 M6 2.94 2.00 1.85** 1.97 1.94 1.99 1.89 

17296 M5 2.76 M7 4.10 2.49 2.43 2.56 2.51 2.62 2.45 

17320 M8 3.12 M7 3.86 2.68 2.66 2.79 2.81 2.81 2.75 

17340 M4 2.25 M1 3.06 1.96 1.93 2.01 1.96 2.05 1.91 

17300 M4 4.16 M7 6.71 3.79 3.67 3.84 3.79 3.91 3.70 

17330 M5 2.15 M8 2.81 1.83 1.81 1.89 1.87 1.95 1.82 

17292 M7 3.59 M6 6.53 3.13 2.93 3.09 3.05 3.13 2.96 

17238 M4 1.11 M1 1.61 0.96 0.96 0.93 0.95 1.00 0.93 

17240 M4 1.72 M2 3.12 1.32 1.32 1.34 1.31 1.41 1.31 

17246 M8 0.86 M1 1.19 0.70 0.69 0.72 0.71 0.74 0.71 

17244 M5 0.83 M2 1.27 0.67 0.66 0.69 0.67 0.72 0.68 

17239 M4 1.44 M2 2.18 1.25 1.23 1.27 1.24 1.37 1.22 

17188 M4 1.49 M2 2.31 1.09 1.07 1.09 1.11 1.20 1.07 

17190 M4 0.96 M2 2.21 0.79 0.79 0.80 0.80 0.85 0.78 

*MSs are given in the order of proximity to the sea, **The best performing model for each station is 

given in bold. 
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Table 6. PBIAS values of the best and the worst RCMTS and the ETS obtained from 

the ANN, SE, SAM approaches 

PBIAS 

MS 

ID 

RCMTS ETS 

Best RCM Worst RCM ANN SE SAM 

Model Value Model Value SMs AllMs SMs AllMs SMs AllMs 

17290 M5 4.07** M6 -48.64 25.12 14.20 17.91 21.11 13.33 15.40 

17296 M6 -3.13 M7 -47.57 18.30 15.11 19.71 22.84 21.57 18.56 

17320 M1 -0.06 M4 47.21 21.10 19.15 17.47 23.91 15.74 16.88 

17340 M3 6.61 M6 45.79 20.77 19.85 21.27 20.72 15.27 19.47 

17300 M3 -3.81 M7 -66.78 26.61 23.10 25.59 29.06 26.54 22.71 

17330 M4 -0.37 M8 -52.73 9.11 6.94 19.18 20.69 13.91 17.90 

17292 M2 -2.14 M6 -100.89 23.48 17.03 21.14 22.10 13.48 18.63 

17238 M2 -7.05 M1 -52.07 23.01 22.47 12.31 9.33 5.33 11.97 

17240 M3 -16.99 M6 -121.52 20.37 17.64 12.05 9.11 1.39 12.54 

17246 M6 0.40 M5 57.04 18.06 15.51 10.43 10.42 6.65 11.44 

17244 M8 -3.55 M5 24.21 -1.93 1.97 10.85 9.06 4.82 10.33 

17239 M8 1.58 M2 -34.38 13.28 13.48 14.21 10.03 4.83 13.03 

17188 M4 -6.73 M6 -79.15 9.33 9.80 12.68 10.72 2.56 12.09 

17190 M8 -2.88 M2 -116.00 12.56 11.72 9.87 7.16 4.80 10.34 

*MSs are given in the order of proximity to the sea, **The best performing model for each station is 

given in bold. 
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Table 7. Percent changes in Correlation, RMSD and PBIAS values of the ETS 

relative to the best RCMTS 

MS ID* 

Correlation RMSD PBIAS 

ANN SE SAM ANN SE SAM ANN SE SAM 

17290 17.5** 15.8 15.8 -18.1 -14.2 -16.4 248.9 418.7 278.4 

17296 19.2 17.3 17.3 -12.0 -9.1 -11.2 382.7 629.7 493.0 

17320 24.5 17.0 17.0 -14.7 -9.9 -11.9 31816.7 39750.0 28033.3 

17340 13.0 10.9 17.4 -14.2 -12.9 -15.1 200.3 213.5 194.6 

17300 30.2 27.9 27.9 -11.8 -8.9 -11.1 506.3 662.7 496.1 

17330 26.7 24.4 28.9 -15.8 -13.0 -15.3 1775.7 5491.9 4737.8 

17292 15.8 12.3 14.0 -18.4 -15.0 -17.5 695.8 932.7 770.6 

17238 21.6 16.2 21.6 -13.5 -14.4 -16.2 218.7 32.3 69.8 

17240 15.0 17.5 12.5 -23.3 -23.8 -23.8 3.8 -46.4 -26.2 

17246 31.0 19.0 21.4 -19.8 -17.4 -17.4 3777.5 2505.0 2760.0 

17244 37.1 34.3 31.4 -20.5 -19.3 -18.1 -44.5 155.2 191.0 

17239 25.7 25.7 28.6 -14.6 -13.9 -15.3 753.2 534.8 724.7 

17188 26.2 16.7 26.2 -28.2 -25.5 -28.2 45.6 59.3 79.6 

17190 37.9 37.9 37.9 -17.7 -16.7 -18.8 306.9 148.6 259.0 

*MSs are given in the order of proximity to the sea, **Improved values are given in bold 

 

Table 8. Effect of log-transformation on ensemble performance for Anamur MS 

(17320) 

 
  Log-transformed 

Without Log-

transformation 

Best 

RCM 

Worst 

RCM 
ANN SE SAM ANN SE SAM 

Corr 0.53 0.26 0.66 0.62 0.62 0.64 0.62 0.61 

RMSD 3.12 3.86 2.66 2.81 2.75 2.65 2.70 2.72 

PBIAS -0.06 47.21 19.15 23.91 16.88 -0.33 -0.56 -0.29 
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FIGURES IN MANUSCRIPT 

  

 

 

Figure 1. The Study Region and the locations of Meteorological Stations 
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Figure 2. Flowchart of the methodology 

(AllMs) 
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Figure 3. Taylor Diagram of Usak MS (17188) 

 

 

 

 

 

Figure 4. ANN model architecture for Anamur MS (17320) 
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Figure 5. Comparison of correlation performances when selected models (SMs) 

are used as inputs 

 

 

Figure 6. Comparison of correlation performances when all models (AllMs) are 

used as inputs 
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Figure 7. Taylor Diagram of RCMTS and the ETS obtained from ANN, SE, SAM 

for all MSs (legend and explanation of axis are provided on the bottom right diagram) 
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Figure 7. (continued) 
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Figure 8. The relative mean versus relative standard deviation of RCMTS and the 

ETS obtained from ANN_AllMs, SE_AllMs, SAM_AllMs for all MSs (legend and 

explanation of axis are provided on the bottom right diagram) 
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Figure 9. ETS obtained from ANN_AllMs, observations, and eight input RCMs 

for Bodrum MS (17290) 

 

 

 

Figure 10. Cumulative distribution functions for the ETS obtained from 

ANN_AllMs, observations, and eight input RCMs for Bodrum MS (17290) 
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E. DAILY HYDROGRAPHS FROM HISTORICAL (1971-2005) 

STREAMFLOW SIMULATIONS (Q1 TO Q12)  
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F. DAILY HYDROGRAPHS FROM HISTORICAL (1971-2005) 

STREAMFLOW SIMULATIONS USING ENSEMBLED 

TEMPERATURE AND PRECIPITATION (Q13 AND Q14) 
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