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Introduction

The Mediterranean Sea (Med Sea) has often been consid-
ered as a climate change hot spot (Tuel and Eltahir 2020). 
The geographical location of the Med Sea exposes it to most 
of global teleconnection climate patterns. In term of off-
shore wind-wave climate, variations are primarily driven by 
atmospheric pressure systems and synoptic-scale circulation 
patterns, including the Scandinavia Pattern (SCA), the East 
Atlantic/West Russia Pattern (EA/WR), the NAO Pattern, 
and the East Atlantic Pattern (EA), which modulate wind 
intensity and direction through shifts in pressure gradients 
and storm tracks (Lionello and Scarascia 2018; Nissen et al. 
2010). Additionally, regional processes such as orographic 
channeling, land-sea thermal contrasts (Drobinski et al. 
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Abstract
This study aims to (1) evaluate the spatial accuracy of 22 CMIP6 climate models in simulating wind climate over the 
Mediterranean Sea, (2) assess their performance in estimating wind power density across different wind conditions using 
percentile-based analysis, and (3) examine near-term projected wind climate changes under different SSP scenarios. The 
models were selected based on the availability of 3-hourly near-surface wind data (10 m height) for historical (1985–2014) 
and near-term (2015–2024) periods under four SSP scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) with consistent 
spatial coverage. The comparison metrics used to compare CMIP6 individual model output against ERA5 reanalysis 
data are the bias and the normalized bias supported by statistical test to evaluate the related confidence intervals. The 
best-performing models were identified based on their ability to reproduce both the long-term average and variability of 
historical wind speeds with low bias and narrow confidence intervals. Furthermore, a percentile-based evaluation (5th to 
95th) was conducted to assess model accuracy across the full range of wind conditions, from calm to high-energy periods, 
ensuring reliable projections of future wind power density distribution changes. The results show statistically significant 
differences in model performance across sub-basins, with EC-Earth3 emerging as the most accurate and consistent model 
for most regions, maintaining normalized differences within ± 0.2 for most percentiles (e.g., Aegean Basin St.11, Alboran 
Basin St.1). EC-Earth3 demonstrates balanced performance across all wind conditions, while CNRM-CM6-1-HR tends 
to overestimate wind power density at higher percentiles, particularly in the Balearic Basin (St.2, ~ 0.2–0.6) and Tyrrhe-
nian Basin (St.6, ~ 0.6–0.8). Near-term projections (2015–2024) across four SSP scenarios evaluated through linear trend 
analysis show partial agreement between ERA5 and EC-Earth3, particularly under SSP5-8.5, but significant regional dis-
crepancies elsewhere. This study provides sub-basin-specific guidance for climate model selection in Mediterranean wind 
resource assessments, supporting renewable energy planning and climate adaptation strategies.
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2014; Lionello et al. 2006), and the influence of cyclogene-
sis in the western Mediterranean (Campins et al. 2011; Trigo 
et al. 1999), further shape the wind field variability across 
different sub-basins. The Med Sea region is also known for 
its climate change awareness due to water scarcity, for the 
concentration of economic activities in coastal areas, and 
for its dependence on climate-sensitive agriculture (Cos 
Espuna 2021; IPCC, 2001). Considering the complex oro-
graphic and geomorphological aspect of the Med Sea, it 
is considered as challenging for the wind forecast models 
compared to open oceans. The study of wind and wave cli-
mate in the Med Sea often requires a careful selection of 
appropriate wind models. At present, a significant number 
of global climate models (GCMs) providing wind climate 
simulations are available for use in climate change studies. 
Different scenarios for the future projections are presented 
by the World Climate Research Program (WCRP) under the 
Intergovernmental Panel on Climate Change (IPCC). The 
IPCC models based on the Coupled Model Inter-comparison 
Project phase 3 (CMIP3) and CMIP5 have been used in sev-
eral studies (Barcikowska et al. 2020; Çakmak et al. 2022; 
Cramer et al. 2018; Kamranzad and Mori 2019; Lemos et al. 
2020; Lobeto et al. 2023; Reyers et al. 2016; Samuels et al. 
2018; Semedo et al. 2012) to investigate the climate change 
impacts on wind and wave climate all around the world and 
for different disciplines (i.e. ecology, atmospheric chemis-
try, meteorology) (Krishnan and Bhaskaran 2020). CMIP6 
climate models are the newest set of global historical and 
future projections (Eyring et al. 2016). Unlike CMIP5 mod-
els that utilized Representative Concentration Pathways 
(RCPs), these new generations of GCM models consider 
the Shared Socio-economic Pathways (SSP) for future pro-
jections with improvements in detecting future changes 
(Eyring et al. 2016; Stouffer et al. 2017). SSPs offer a more 
realistic approach by combining various alternative socio-
economic predictions (e.g., population, Gross Domestic 
Product (GDP), technological development) with future cli-
mate radiation forcing (Gidden et al. 2019). While CMIP5 
scenarios were created with RCPs with different forcing 
levels (2.6, 4.5, 6.0, 8.5), CMIP6 utilizes seven SSP-based 
scenarios with radiative forcing ranging from 1.9 to 8.5 W/
m² by the end of the 21 st century: SSP1-1.9, SSP1-2.6, 
SSP2-4.5, SSP3-7.0, SSP4-3.4, SSP4-6.0, and SSP5-8.5 
(O’Neill et al. 2016). There are several studies (Kamran-
zad et al. 2020a, b; Lemos et al. 2023) evaluating CMIP6 
models on a global scale. However, CMIP6 models have 
been less investigated in the Mediterranean Sea. Previous 
studies (Carvalho et al. 2017; Gumuscu et al. 2024; Rusu 
2024) on the impact of climate change on wind climate and 
energy in the Mediterranean region have generally been 
conducted with CMIP5 and different RCP scenarios. Recent 
Mediterranean studies have utilized CMIP5-driven regional 

simulations for wave projections (Toomey et al. 2025) or 
single regional climate models focusing on maritime trans-
port routes and wave conditions (Chirosca and Rusu 2025; 
Rusu 2025). Regarding CMIP6 climate model simula-
tions, Carvalho et al. (2021) analyzed the future changes 
in wind speed (WS) and wind power density (WPD) over 
Europe. They used a multi-mean ensemble of fifteen global 
climate models, two different future periods and two dif-
ferent scenarios (SSP2-4.5 and SSP5-8.5). The evaluation 
was performed for the multi-mean ensemble models com-
pared to ERA5 reanalysis data, however the evaluation of 
the individual models was not presented. Akinsanola et al. 
(2021) evaluated the performance of fourteen global climate 
models and their ensemble model against the ERA5 wind 
reanalysis for future wind climate projection in south west-
ern part of Africa. Martinez and Iglesias (2023) presented 
and evaluated an ensemble derived by nine different CMIP6 
global climate models and considering three different future 
scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The evalu-
ation was performed for the ensemble model against ERA5 
reanalysis, but no evaluation was presented for the individ-
ual models. Claro et al. (2023) examined the wind energy 
potential of the Portuguese coast and mainland with a multi 
mean ensemble using nine different CMIP6 global climate 
model members and future assessments were made with 
the SSP5-8.5 scenario in two different future periods. They 
only evaluated the multi-model ensemble against ERA5 
reanalysis. While Lira-Loarca et al. (2021) evaluated future 
wind and wave energy resources in the Mediterranean using 
EURO-CORDEX regional climate projections focusing on 
combined exploitability metrics, their study did not system-
atically assess the performance of underlying CMIP6 global 
climate models. Previous CMIP5-based studies focused on 
single-model assessments in specific regions outside the 
Mediterranean (e.g., Hdidouan and Staffell 2017 for UK 
waters; Neill 2024 for the Irish Sea), lacking basin-wide 
systematic evaluation frameworks. Barbariol et al. (2021) 
provided an excellent ERA5-based climatology of histori-
cal Mediterranean wave climate, but our work focuses on a 
different objective: systematically evaluating and identify-
ing the most accurate CMIP6 climate models against ERA5 
reanalysis. Most existing regional studies on wind climate 
projections derived from CMIP6 are based on multi-model 
ensembles of different models; however, the rationale for 
selecting ensemble members and their weighting schemes is 
rarely justified (Brunner et al. 2020; Sanderson et al. 2017), 
potentially introducing systematic biases and limiting the 
reliability of regional projections. Thus, to date, systematic 
evaluation of individual CMIP6 wind model performance 
across the entire Mediterranean Sea and its sub-basins has 
not been conducted, with existing studies primarily focus-
ing on ensemble-mean projections. Çetin et al. (2024) 
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established a machine learning based ensemble model using 
28 different CMIP6 global climate models for Türkiye. The 
ML based ensemble model was evaluated using MERRA2 
and ERA5 datasets in geographical regions on the Turkish 
mainland. This method may allow the definition of the right 
weight of each model in the ensemble model; however, it 
does not show the accuracy of the individual models and do 
not cover the Med Sea.

Given the study background, there is a lack of research 
evaluating the historical performance considering the 
uncertainty associated with CMIP6 wind simulations over 
the Mediterranean Sea. This study aims to assess the wind 
accuracy of 22 CMIP6 climate models (selected based on 
the availability of 3-hourly near-surface wind data at 10 m 
height for both historical (1985–2014) and future SSP sce-
nario periods (2015–2024) with consistent spatial coverage 
over the Mediterranean Sea) to determine the best fit wind 
climate model for wind speed and wind energy projec-
tion in comparison with the ERA5. While high-resolution 
Regional Climate Models (RCMs) offer advantages in 
resolving land-sea transitions and coastal processes, this 
study focuses on Global Climate Models (GCMs) from 
CMIP6 for several reasons: (1) CMIP6-driven regional 
downscaling products (e.g., CORDEX-CMIP6) were not 
yet fully available for the Mediterranean basin at the time 
of this study, (2) establishing CMIP6-GCM performance 
benchmarks is essential for future RCM validation and bias 
correction studies, as RCMs inherit uncertainties from their 
driving GCMs, and (3) establishing GCM performance 
benchmarks is essential for future RCM validation and 
bias correction studies, as RCMs inherit uncertainties from 
their driving GCMs. The use of accurate models enables 
the reduction uncertainty in both wind and wave climate 
change projections. While historical skill does not guaran-
tee future accuracy due to potential non-stationarity in cli-
mate dynamics, models demonstrating strong performance 
in reproducing observed variability provide a more cred-
ible basis for projecting future changes (Knutti et al. 2010). 
Furthermore, knowing the accuracy of wind climate mod-
els can enable better identification of individual models 
and weighting to be considered to develop a more robust 
multi-modal ensemble for climate change studies. Multi-
model ensembles typically outperform individual models 
by averaging out model-specific biases (Tebaldi and Knutti 
2007); however, performance-weighted ensembles can fur-
ther enhance projection reliability by emphasizing more 
accurate models (Brunner et al. 2020). For this purpose, the 
historical performance (1985–2014) of 22 different CMIP6 
GCMs was evaluated against ERA5 reanalysis data across 
the entire Mediterranean Sea and its sub-basins. Consid-
ering the model performance varies significantly across 
different spatial scales (i.e., a model may exhibit high 

accuracy in one sub-basin but poor accuracy in another), 
wind model performance was assessed separately for the 
Med sub-basins. Furthermore, the models with the best 
accuracy over the whole Mediterranean Sea are identified, 
and their uncertainties over the historical period are ana-
lyzed. The uncertainty of the models in all percentiles from 
extremely low to extremely high values was analyzed at the 
stations determined to cover all basins. The results of this 
study provide an overall view of the uncertainties related to 
the model accuracy and the large differences between the 
climate models. By presenting the wind performance of the 
climate models based on sub-locations, the researchers may 
consider the most adequate models based on the area of 
interest. Furthermore, the best-performing models identi-
fied from historical evaluation may be considered to build a 
more robust multimodal ensemble for future projections of 
wind climate and offshore wind energy. In the second part 
of this study, the best-performing model identified from 
the historical evaluation was further assessed for its near-
term annual mean wind speed projections (2015–2024) 
under four different SSP scenarios (SSP1-2.6, SSP2-4.5, 
SSP3-7.0, and SSP5-8.5). The simulated wind speeds were 
compared against ERA5 annual mean wind reanalysis data 
for the same period to evaluate the model’s capability to 
reproduce recent observed variability under different sce-
nario forcings. This comparison aims to provide a diagnos-
tic evaluation of the model’s near-term performance rather 
than to identify a “best” or “most realistic” SSP scenario, 
acknowledging that differences in external forcing among 
SSPs during this period are minimal and largely within the 
range of internal climate variability (as discussed in IPCC 
AR6, Chap.  4). With the availability of near-term data 
(2015–2024) from CMIP6 under different SSP scenarios, it 
is now possible to assess how well these projections repro-
duce observed wind variability. Such an evaluation pro-
vides a diagnostic check of model performance and helps 
build confidence in the use of CMIP6 simulations for near-
term wind climate studies, considering differences among 
SSPs are minimal over this short period.

Data

The present study evaluates 22 Global Climate Models 
(GCMs) featured in the CMIP6 project. Although there are 
many more climate model options out there, model selec-
tion is based on the following criteria: GCM should pro-
vide WSs at 10 m above sea level, the temporal resolution 
should be ≤ 3 h, and the model data set should contain future 
projections. Twenty-two GCMs meet these criteria to nowa-
days. Twenty-two GCMs that meet the specified conditions 
were taken from the CMIP6 category (ESGF, 2024).

1 3

Page 3 of 27    170 



Environmental Earth Sciences          (2026) 85:170 

external forcing datasets without changing model phys-
ics (Juckes et al. 2020). This approach ensured consistent 
ensemble member and physics configuration across all 
models while accommodating practical data availability 
constraints. The final variant distribution was: r1i1p1f1 (17 
models, 77%), r1i1p1f2 (4 models, 18%), and r1i1p1f3 (1 
model, 5%), as documented in Table 1. Table 1 provides an 
overview of the 22 CMIP6 climate models we used in this 
study, listing their institutions, spatial resolutions, model 
variants, and key references. Sharing this information helps 
give a clear picture of the range of models we evaluated 
and compared. The differences in spatial resolution, for 

For each model, the variant label follows the CMIP6 
naming convention: r#i#p#f#, where ‘r’ denotes the realiza-
tion (ensemble member), ‘i’ the initialization method, ‘p’ 
the physics parameterization, and ‘f’ the forcing variant. We 
prioritized the r1i1p1f1 variant following CMIP6 standard-
ization protocols (Eyring et al. 2016; Juckes et al. 2020). 
When r1i1p1f1 was unavailable in the ESGF archive (Janu-
ary 2024), we selected the next available forcing variant (f2 
or f3) while strictly maintaining r1i1p1, as the ensemble 
member (r), initialization (i), and physics configuration 
(p) parameters directly affect model behavior, whereas the 
forcing index (f) primarily denotes technical variations in 

Table 1  The 22 CMIP6 climate models used in this study with institutional information, spatial resolutions, and variant specifications
Model Institute Nominal 

Resolu-
tion (km)

Native Resolution 
(lat x lon)

Variant References

ACCESS-CM2 Commonwealth Scientific and Industrial Research 
Organization

250 1.25° ⋅ 1.875° r1i1p1f1 (Dix et al. 2019)

AWI-CM-1-1-MR Alfred Wegener Institute, Helmholtz Centre for 
Polar and Marine Research

100 0.935° ⋅ 0.9375° r1i1p1f1 (Semmler et al. 
2018)

BCC-CSM2-MR Beijing Climate Center 100 1.1213° ⋅ 1.125° r1i1p1f1 (Xin et al. 2018)
CMCC-CM2-SR5 Fondazione Centro Euro-Mediterraneo sui Cambia-

menti Climatici, Lecce, Italy
100 0.9424° ⋅ 1.25° r1i1p1f1 (Lovato and Peano 

2020)
CMCC-ESM2 100 0.9424° ⋅ 1.25° r1i1p1f1 (Peano et al. 2020)
CNRM-CM6-1 Centre National de Recherches Meteorologiques, 

Centre Europeen de Recherche et de Formation 
Avancee en Calcul Scientifique, Toulouse, France

250 1.4004° ⋅ 1.4063° r1i1p1f2 (Voldoire 2018)
CNRM-CM6-1-HR 100 0.4993° ⋅ 0.5° r1i1p1f2 (Voldoire 2019)

EC-Earth3 EC-Earth consortium, Rossby Center, Swedish 
Meteorological and Hydrological Institute/SMHI, 
Norrkoping, Sweden

100 0.7017° ⋅ 0.7031° r1i1p1f1 (EC-Earth 2019)

GISS-E2-1-G Goddard Institute for Space Studies, New York, NY, 
USA

250 2.0° ⋅ 2.5° r1i1p1f2 (NASA/GISS, 
2018)

HadGEM3-GC31-LL Met Office Hadley Centre, Exeter, Devon, UK 250 1.25° ⋅ 1.875° r1i1p1f3 (Ridley et al. 2019a)
HadGEM3-GC31-MM 100 0.5556° ⋅ 0.8333° r1i1p1f3 (Ridley et al. 2019b)
IITM-ESM Indian Institute of Tropical Meteorology Pune 250 1.9041° ⋅ 1.875° r1i1p1f1 (Narayanasetti et al. 

2019)
IPSL-CM6A-LR Institut Pierre Simon Laplace, Paris, France 250 1.2676° ⋅ 2.5° r1i1p1f1 (Boucher et al. 

2018)
KACE-1-0-G National Institute of Meteorological Sciences, Korea 

Meteorological Administration
250 1.25° ⋅ 1.875° r1i1p1f1 (Byun et al. 2019)

KIOST-ESM Korea Institute of Ocean Science and Technology, 
Busan, Republic of Korea

250 1.8947° ⋅ 1.875° r1i1p1f1 (Kim et al. 2019)

MIROC6 Japan Agency for Marine-Earth Science and Tech-
nology, Atmosphere and Ocean Research Institute, 
The University of Tokyo, National Institute for 
Environmental Studies, RIKEN Center for Compu-
tational Science

250 1.4004° ⋅ 1.4063° r1i1p1f1 (Shiogama et al. 
2019)

MIROC-ES2L 500 2.7893° ⋅ 2.8125° r1i1p1f2 (Tachiiri et al. 2019)

MPI-ESM-1–2-HAM HAMMOZ-Consortium 250 1.8647° ⋅ 1.875° r1i1p1f1 (Neubauer et al. 
2019)

MPI-ESM1-2-HR Max Planck Institute for Meteorology (MPI-M), 
Hamburg, Germany

100 0.9349° ⋅ 0.9375° r1i1p1f1 (Gutjahr et al. 2019)
MPI-ESM1-2-LR 250 1.8647° ⋅ 1.875° r1i1p1f1 (Brune et al. 2022; 

von Storch et al. 
2017)

MRI-ESM2-0 Meteorological Research Institute, Tsukuba, Ibaraki, 
Japan

100 1.1213° ⋅ 1.125° r1i1p1f1 (Yukimoto et al. 
2019)

NESM3 Nanjing University of Information Science and 
Technology, Nanjing, China

250 1.8647° ⋅ 1.875° r1i1p1f1 (Cao and Wang 
2019)
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processed and adapted to the Med Sea region using Climate 
Data Operators (CDO) version 2.4.0 (Schulzweida 2023).

The first step was to downscale the global data to the Med 
Sea region using the bilinear interpolation operator ‘remap-
bil’, one of the CDO operators. In order to bring the data to a 
similar resolution as the ERA5 re-analysis dataset, a reduc-
tion was made to a spatial resolution of 0.25° x 0.25°. Lon-
gitude values are created from 7°W to 37°E with 177 steps, 
while latitude values are created from 29°N to 47°N with 
73 steps. In order to get the temporal resolution of 3-hour 
time intervals in climate models on a similar scale to the 
ERA5 reanalysis model, the ‘inttime’ operator from CDO 
operators was used. This operator performs linear temporal 
interpolation between existing time steps, creating interme-
diate hourly values based on weighted averages of adjacent 
3-hourly data points (Schulzweida 2023). The interpolation 
is only applied when both surrounding values exist; if both 
are missing, the result remains missing. Through this pro-
cess, the 3-hour intervals were interpolated to 1-hour tem-
poral resolution, ensuring temporal consistency with ERA5 
data. At the end of the process, the data from each climate 
model between 1985 and 2014 were stored in different 
netCDF files on an annual basis.

Figure 1 shows the study area, and the reference points 
used in the study. The reference point selected at each loca-
tion was placed in an open offshore site in the middle of each 
sub-basin. However, in sub-basins with a larger area, such 
as the southwestern Mediterranean basin and the Algerian 
basin, the position of the reference points was established 
in offshore areas likely to be exposed to wind depressions 
associated with other neighbor basins. For instance, station 
ST.4 is exposed to winds from the north, east, and west of 
the Algerian basin, while station ST.3 is not directly open 
to the western part of the Algerian basin, but rather to the 
Balearic basin. Station ST.7 was selected for its exposure 
to the western Mediterranean basins, while station ST.10 
was selected for its location in the center of the southwest-
ern basin and its exposure to the Ionian and Aegean basins. 
Station ST.12 was selected for its relative exposure to the 
Aegean Sea and to the eastern, southern, and northeastern 
wind fields.

In the comparisons of climate models with the ERA5 
reanalysis dataset, the values over the sea were considered. 
In this context, downscaled climate models and ERA5 data 
were analyzed by excluding the areas over land.

Wind speed and power density calculations

Wind speeds were calculated from the surface u and v 
components of the WS at 10 m above sea level from cli-
mate models simulations and the ERA5 reanalysis for 30 
years between 1985 and 2014. The long-term average wind 

example, can affect how well each model captures details of 
the wind climate across the Mediterranean sub-basins. Get-
ting to know the variety and characteristics of these models 
is important for understanding the patterns of variability and 
biases we discuss in the results.

GCMs were evaluated between 1985 and 2014 for the 
historical period. For the near-term evaluation period 
(2015–2024), the best-performing historical model was fur-
ther assessed under four SSP scenarios (SSP1-2.6, SSP2-
4.5, SSP3-7.0, and SSP5-8.5) to identify which scenario 
projection shows the best agreement with ERA5 reanalysis 
data during this overlapping period.

The control dataset considered for the evaluation of 
the wind climate models is the ERA5 reanalysis from the 
ECMWF (Hersbach et al. 2020). The ERA5 is a new reanal-
ysis product developed by ECMWF to replace ERA-Interim 
(Hersbach et al. 2018). These data, including a 10-member 
4D-Var data assimilation ensemble with a resolution of 
62  km, are produced by the Integrated Forecasting Sys-
tem (IFS) Cy41R2 (Dong et al. 2020). There are several 
approaches for calculating 10 m WSs in reanalysis datasets. 
In ERA5, a modified Monin-Obhukhov method is used to 
calculate the WS at 10 m (Pryor et al. 2009). ERA5 has a 
horizontal resolution of about ∼31 km (0.25° × 0.25°) and a 
vertical resolution of up to 137 km with a temporal resolu-
tion of 1 h (Dong et al. 2020). WSs at 10 m above sea level 
between 1985 and 2014 were used in the study. It should 
be noted that ERA5, while being the most comprehensive 
reanalysis product available, is not equivalent to direct 
observations and contains inherent uncertainties arising 
from data assimilation processes, background model param-
eterizations, and observational data gaps in some regions 
(Hersbach et al. 2020). Nevertheless, ERA5 has been exten-
sively validated against in-situ and satellite observations 
across global and regional scales (Belmonte Rivas and Stof-
felen 2019) and represents the most reliable gridded wind 
dataset for climate model evaluation in the Mediterranean 
Sea.

Methodology

Data processing

In the present study, performance of wind speeds from 22 
climate models are evaluated against winds of the ERA5 
reanalysis to assess the uncertainty of the climate models, 
considering both the overall average and the performance 
over the wind speed distribution. Considering that GCMs 
have different spatial resolutions, as shown in Table 1, and 
that climate models are produced on a global scale, the cli-
mate data derived from each model simulations were first 
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WPD = 1
2

ρ V 3� (1)

Here, V is the WS adjusted to the turbine center level. The 
WS height value used in this study is taken as 90 m. ρ is 
the air density value, and standard conditions are assumed 
with a constant value of 1.225  kg m−3. While air density 
varies with temperature, pressure, and humidity, the use of 
a constant standard sea-level density is a widely accepted 
simplification in comparative wind resource assessments 
(Akpınar 2013; Carvalho et al. 2021; Martinez and Igle-
sias 2023). This approach ensures consistency across all 
climate models and focuses the evaluation on wind speed 
variability rather than introducing additional uncertainties 
from density calculations, which is appropriate for relative 
model performance comparison. In the WPD calculation, 
the WSs of the climate model and ERA5 data set obtained 
at a height of 10 m are considered to compute the WPD at 
the turbine center level height (estimated at 90 m) using the 
power law method defined in Emeis (2005) (Eq. 2) the WSs 
are approximated to the desired z height level.

WS (z) = WS (zref )
(

z

zref

)α

� (2)

Here, z is the height of the turbine center, which is assumed 
to be 90 m. zref  is the reference height, WS( zref ) is the 
WS at the reference level, and α is the power law exponent. 
The power law exponent value was accepted as α = 1/7, 
which is suitable for open terrain surfaces and has been used 

speed is the commonly used values in climate change stud-
ies (Çakmak et al. 2023; Dahunsi et al. 2025; Lobeto et al. 
2021; Martinez and Iglesias 2023). An accurate estimate of 
historical changes allows to reduce the uncertainty related 
to model accuracy in future projections. The evaluation of 
wind model performance in estimating wind power density 
WPD was conducted in two steps. Firstly, the best-perform-
ing climate models for wind speed accuracy were identified 
based on spatial biases in WS obtained at different Mediter-
ranean sub-basins. The biases are calculated for each grid 
point by subtracting the ERA5 WS average from each cli-
mate model WS average. Furthermore, the computed bias 
significance was tested using a student t-test with a confi-
dence interval of 95%. The results obtained for each model 
are mapped and summarized considering the averaged abso-
lute biases over the whole Mediterranean Sea and over 9 
Mediterranean sub-basins. Secondly, the best-performing 
wind models were further evaluated by comparing their 
WPD values against ERA5 across the full percentile range 
(0th to 100th percentile) at 12 reference stations represent-
ing all Mediterranean sub-basins. This percentile-based dis-
tributional comparison reveals model performance not only 
at the median (50th percentile) but also across the entire 
range of wind conditions, from calm periods (lower per-
centiles) to extreme wind energy events (upper percentiles), 
providing a comprehensive assessment beyond mean-value 
comparisons.

The wind power density is computed based on wind 
speed and air density (Emeis 2013), where WPD is defined 
in Eq. 1 as follows.

Fig. 1  Local Sub basins of Mediterranean Sea and reference locations used in this study

 

1 3

  170   Page 6 of 27



Environmental Earth Sciences          (2026) 85:170 

against outliers and non-normal data distributions. Unlike 
the least squares estimator, it does not assume a normal dis-
tribution. In this approach, the slope between all possible 
pairs of data points (Yi,ti) and (Yj,tj) is calculated as:

aij = (Yj − Yi)
(tj − ti)

with 1 < i < j < n� (3)

The Theil–Sen slope is then defined as the median of all aij​ 
values. In this study, the estimator was applied to annual 
wind data at each reference point over a 10-year period 
(2015–2024) for ERA5 data and EC-Earth3 evaluated SSPs.

The Mann–Kendall test (Kendall 1975; Mann 1945) was 
also used to evaluate the statistical significance of detected 
trends. This non-parametric test assesses whether a mono-
tonic trend exists in a time series without assuming normal-
ity. The test statistic S is computed as: 

S =
∑

n−1
i

∑
n
j sgn (yj − yi)� (4)

where sgn(yj – yi) is an indicator function defined as

sgn (Xj − Xk) = 1 if Xj − Xk > 0
sgn (Xj − Xk) = 0 if Xj − Xk = 0
sgn (Xj − Xk) = −1 if Xj − Xk < 0

� (5)

For the present study (n = 10), the exact Mann–Kendall test 
was applied, as the sample size is less than 40. The signifi-
cance of S was evaluated using critical values from Mann–
Kendall tables for selected confidence levels. A positive S 
indicates an increasing trend, while a negative S indicates a 
decreasing trend.

For completeness, when a normal approximation was 
required for comparison, the variance of S was estimated as:

V ar (S) = 1
18

[
n (n − 1) (2n + 5) −

∑
m
i=1Ti(T i − 1 )( 2Ti + 5)

]
� (6)

Here, m represents the number of tied groups in the time 
series, and ti ​ is the number of tied values within the ith 
group.

The standardized statistic Z was computed as:

Z =




S−1√
V ar(S)

if S > 0
0 if S = 0

S+1√
V ar(S)

if S < 0
� (7)

To test the null hypothesis (H0​) of no trend, the absolute 
value of the test statistic ∣Z∣ is compared with the criti-
cal value Z1−α/2 from the standard normal distribution at 
selected significance levels α of 0.01, 0.05, 0.1. If ǀZǀ > 
Z1-α/2, H0 is rejected, indicating a significant trend at the 1- α 

in previous studies (Akinsanola et al. 2017, 2021; Akpınar 
2013; Sawadogo et al. 2019). We acknowledge that α can 
vary with atmospheric stability, wind direction, and local 
conditions; however, α = 1/7 represents a widely accepted 
approximation for neutral atmospheric conditions over off-
shore environments (Emeis 2013). This simplified approach 
is appropriate for comparative climate model evaluation, 
as it ensures consistency across all models and focuses on 
relative performance differences rather than absolute wind 
resource values. The use of a constant exponent is a com-
mon practice in large-scale wind climate assessments when 
detailed atmospheric stability data are not available from all 
climate models.

After evaluating the wind climate model based on his-
torical data and identifying the best-performing model, the 
near-term projections was also assessed. This study employs 
two distinct evaluation periods with different objectives: (1) 
a 30-year historical period (1985–2014) for comprehensive 
wind climate model performance assessment and the best 
performing wind climate model selection, and (2) a 10-year 
near-term period (2015–2024) for scenario validation using 
four different SSP scenarios of the best-performing model 
identified from the historical evaluation. CMIP6 models use 
historical simulations up to the end of 2014 and transition to 
future scenarios from 2015 onwards. The projection is pro-
vided under different scenarios for the period between 2015 
and 2100. However, given the availability of reanalysis 
data, only near-future projections can be effectively evalu-
ated. The 30-year historical period provides a robust clima-
tological basis for selecting and comparing wind climate 
models, in line with standard climate assessment practices. 
The subsequent 10-year evaluation serves a different pur-
pose, which is to determine which Shared Socioeconomic 
Pathway (SSP) scenario of the best-performing model best 
aligns with observed trends early on, rather than establishing 
climatological means. For this purpose, the 10-year near-
term period (2015–2024) is analyzed by comparing ERA5 
reanalysis data with EC-Earth3 model projections under four 
different SSP scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and 
SSP5-8.5). The analyses are based on 12 reference points 
throughout the Mediterranean Sea, as shown in Fig. 1. For 
each reference station, annual means of WS and WPD from 
the ERA5 and EC-Earth3 datasets were used to construct 
time series. Linear regression analyses were then applied to 
these series to identify and quantify trends over the 10-year 
analysis period. This assessment provides the most accurate 
projection over the present period for both WS and WPD, 
which can be taken into account when assessing wind cli-
mate and wind energy in the coming years.

To perform the trend analysis, The Theil–Sen estima-
tor (Sen 1968; Theil 1950) was used. This non-parametric 
method is based on Kendall’s rank correlation and is robust 
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where Model represents the climate model value and ERA5 
represents the reanalysis value at the same location. Positive 
values indicate model overestimation, while negative values 
indicate underestimation relative to ERA5.

The uncertainty associated with the observed differences 
between ERA5 WS data and the evaluated climate model 
WS data, we employed the two-sample Student’s t-test 
(independent samples t-test). This statistical test evaluates 
whether the observed differences between the two datasets 
are statistically significant and provides confidence intervals 
for these changes. The Student’s t-test is a widely used para-
metric test (Decremer et al. 2014) and has been frequently 
applied in wind-wave climate change studies (Carrasco et 
al. 2014; Morim et al. 2019; Semedo et al. 2011). The null 
hypothesis of the t-test assumes no statistically significant 
difference between the means of the two samples, while 
the alternative hypothesis suggests a statistically significant 
difference at a given confidence level (1 − p-value). The 
p-values derived from the t-test represent the probability of 
obtaining a t-statistic less than the calculated value (t < t-test) 
under the null hypothesis. If the p-value is less than 0.05 
(indicating a 95% confidence level), the null hypothesis is 
rejected. The t-statistic for the two-sample t-test is calcu-
lated as follows:

t =
−
x2 − −

x1√
S2

1
n1

+ S2
2

n2

� (9)

−
x1  and −

x2  are the averages WS or WPD obtained from the 
climate models and reanalysis data successively, and S and 
n are their respective standard deviations and sample sizes.

In addition to the standard Student’s t-test, Welch’s 
t-test (Welch 1947) was employed to evaluate the statisti-
cal significance of the bias between the EC-Earth3 projec-
tions and the ERA5 reanalysis data. While the Student’s 
t-test assumes equal variances between the samples being 
compared, Welch’s t-test relaxes this assumption by adjust-
ing the degrees of freedom using the Welch–Satterthwaite 
approximation (Ruxton 2006). This makes Welch’s t-test 
more appropriate for comparing climate model outputs with 
reanalysis data, as these datasets may exhibit different lev-
els of interannual variability. The test statistic is calculated 
using the same formula as in Eq. 9, but the degrees of free-
dom are estimated as follows:

df =

(
S2

1
n1

+ S2
2

n2

)2

[
(S2

1/n1)2

(n1−1) + (S2
2/n2)2

(n2−1)

] � (10)

confidence level. A positive Z denotes an increasing trend, 
while a negative Z indicates a decreasing trend.

It is important to acknowledge that, during the near-term 
period (2015–2024), differences in radiative forcing among 
SSP scenarios are minimal (IPCC 2021; Chap. 4). The IPCC 
AR6 report shows that SSP-driven signals in climate vari-
ables remain largely indistinguishable during the first 10–15 
years of projections. Scenario-specific trends only become 
statistically separable after approximately 2030, when the 
differences in cumulative emissions become more pro-
nounced (IPCC 2021; O’Neill et al. 2016). Consequently, 
any divergence observed among SSP projections during 
2015–2024 primarily reflects internal climate variability 
arising from natural atmospheric and oceanic fluctuations in 
the climate model, rather than differences in scenario-driven 
forcing. Therefore, the purpose of this near-term analysis 
is to evaluate the range of natural variability captured by 
the model ensemble, and to assess how well it reproduces 
observed short-term trends in Mediterranean wind patterns. 
The aim is not to identify which long-term emission path-
way provides the most accurate projection. This assessment 
establishes a baseline for understanding model perfor-
mance in simulating recent wind climate variability. This is 
essential for evaluating the reliability of mid- to long-term 
(post-2030) projections, where scenario-driven differences 
become statistically significant and physically meaningful.

Uncertainty assessment approach

Knowledge of the uncertainty related to wind climate mod-
els is considered highly important in assessing the uncer-
tainty related to the projected changes in offshore wind 
energy. Hypothetically and statistically, if a model exhibits 
a bias relative to reference data during a historical period, 
it is plausible to assume that a similar bias will persist in 
future projections. Therefore, as both historical and future 
periods are influenced similarly, the model biases may not 
impact the projected change obtained using the same model. 
However, if the measured biases over the historical period 
present a significant range of uncertainty, this uncertainty 
will likely propagate into future projected climate, and the 
uncertainty related to the future projected changes may be 
amplified. The knowledge of the uncertainty associated with 
the computed model average and inter-averages bias uncer-
tainty is also crucial for bias correction studies.

To quantify the relative differences between climate 
models and ERA5 reanalysis data, the normalized bias (NB) 
as a percentage is calculated as follows:

NB (%) =
(

Model − ERA5
ERA5

)
x100� (8)
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showed that most Med Sea regions’ measured biases are 
statistically significant. The spatial distribution of the mea-
sured biases and their significance allow us to classify the 
models into eight groups. The first group includes five mod-
els (ACCESS-CM2, CMCC-ESM2, CMCC-CM2-SR5, 
CNRM-CM6-1 and HadGEM3-GC31-LL). The models of 
this first group show statistically significant underestimation 
of wind speed along the entire European coast and Alge-
rian coast. On the other hand, an underestimation is also 
observed along the Tunisian coast and the southeastern 
Mediterranean coast. However, the normalized bias value 
is less pronounced in those regions. In the southern part of 
the Alboran basin, in the center of the Tyrrhenian basin, off 
the Libyan coast, off the Egyptian coast and off the Algerian 
coast, the model of the first group showed statistically sig-
nificant overestimation the wind speed compared to ERA5. 
Among the models of this first group, the best-performing 
models are CMCC-CM2-SR5 and CNRM-CM6-1 models. 
The averaged absolute bias computed over the whole Medi-
terranean Sea for these two models is 0.69 m/s (Table 2). 
These models showed close performance at sub-basin scale 
as shown in Fig. 3.

The second group includes two models (AWI-CM-1-
1-MR, and EC-Earth3). The normalized bias values com-
puted for these two models are less important compared to 
the first group. Furthermore, the area with statistically sig-
nificant bias at a confidence level of 95% is reduced. The 
second group showed, therefore, better performance across 
all Mediterranean regions. The models of the second group 
underestimate the wind speed along the French coast, the 
North Italian coast, the North Alboran Basin, the Eastern 
coast of Algeria and Tunisia, the western Mediterranean, 
and the northern part of the Aegean Sea. However, in the 
remaining coastal areas and in large offshore areas, the mod-
els are statistically significantly underestimating the wind 
speed. Among the two models of the 2nd group, the best-
performing one is the EC-Earth3 model. The averaged abso-
lute bias computed over the whole Med Sea for this model 
is 0.42 ± 0.10 m/s (Table 2). This value is the lowest among 
all the evaluated 22 models. Furthermore, EC-Earth3 model 
offers the lowest biases and confidence interval at most 
western and eastern Mediterranean sub-basins (Fig. 3).

The third group of models is composed of three different 
models (BCC-CSM2-MR, CNRM-CM6-1-HR and MRI-
ESM2-0). Those models present a better spatial homoge-
neity over the Mediterranean in terms of bias values and 
sign. Among those models, the CNRM-CM6-1-HR showed 
the highest performance with a normalized bias < 10% over 
most the Mediterranean regions. Those models overestimate 
the ERA5 wind speed in a large part of the Mediterranean 
and underestimate it in the Aegean Sea and the Gulf of Lyon 
(French coasts). The fourth models group presented a large 

A 95% confidence level was applied to determine the statis-
tically significant of the computed biases.

Estimating the confidence interval for the computed 
biases allows us to determine how precisely we can esti-
mate the future projected change. The accurate estimation 
of the model biases allows a more accurate bias correction 
for historical and future data. The bias correction is a com-
monly used method in climate change studies (Dahunsi et 
al. 2025; Gohari and Akpinar 2024; Mohan and Bhaskaran 
2019; Susini et al. 2022) to reduce the uncertainty related to 
model simulation accuracy. However, if the corrected bias 
is within a wide range of uncertainty, its correction will be 
more challenging. In most climate change studies and bias 
correction, the uncertainty related to the estimated bias is 
not considered. Furthermore, if the bias estimated for the 
historical period is characterized by low or insignificant 
uncertainty, the projection of future changes using the same 
models will be more accurate. Contrarily, if the estimated 
historical bias is high, the future projected changes may 
present higher uncertainty, which will add to the uncertainty 
related to the used scenario. Other error statistics such as 
RMSE, scatter index, and correlation were not used dur-
ing the present study because the climate model, compared 
to hindcast models, does not present a correlation with 
reanalysis data. Climate models are based on historical and 
projected carbon emissions under different scenarios. There-
fore, the models can only be evaluated based on the overall 
distribution considering different percentiles or based on the 
overall averages.

Results and discussion

 Spatial accuracy of wind climate model simulations

The statistically significant differences measured in the 
wind speeds from 22 climate models simulations in com-
parison with the ERA5 wind speeds are presented in Fig. 2 
for the whole Med Sea and summarized in Table 2 for the 
Med Sea sub basins. The significance of the change and the 
confidence intervals are computed using student t-test for a 
confidence level of 95% (Eq. 9). The sample size used for 
the Student’s t-test is 30, corresponding to the annual aver-
age values of the compared models over a 30-year period. 
Considering that over the same sub-basin, both overesti-
mated and underestimated biases can be observed (Fig. 2), 
and the averaged absolute biases are being considered for 
the spatial average bias over the sub-basins and the whole 
Med Sea in Table 2.

The maps presented in Fig. 2 show a remarkable discrep-
ancy between the different models, in terms of normalized 
bias rate (Eq. 8), bias sign and bias significance. The results 
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group models, those models showed higher underestima-
tion over the French coast, in the north Aegean Sea, in the 
Adriatic Sea and at some Libyan and Egyptian coasts. Com-
paring bias results of the MPI-ESM1-2-HR high-resolution 

similarity in the spatial distribution of the normalized bias in 
wind speed compared to the third group. The models of this 
fourth group include MPI-ESM1-2  h, MPI-ESM-1–2-LR, 
MPI-ESM-1–2-HAM and NESM3. Contrarily to the third 

Fig. 2  a Bias graphs of each cli-
mate model against ERA5 wind 
speeds over the historical period 
1985-2014. Red colors indicate 
overestimation, blue colors 
indicate underestimation, and 
white areas represent statistically 
non-significant biases (p > 0.05, 
Student's t-test). b Bias graphs 
of each climate model against 
ERA5 wind speeds over the 
historical period 1985-2014. Red 
colors indicate overestimation, 
blue colors indicate underestima-
tion, and white areas represent 
statistically non-significant biases 
(p > 0.05, Student's t-test)

 

1 3

  170   Page 10 of 27



Environmental Earth Sciences          (2026) 85:170 

Fig. 2  (continued)
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Table 2  Averaged absolute bias with confidence interval computed for 22 climate model over the 9 Mediterranean sub-basins and over the whole 
Med Sea for the historical period 1985–2014. Bold values indicate the model with the minimum bias for each sub-basin and for the entire Mediter-
ranean Sea

Alboran Algerian Balearic Ligurian Tyrrhenian
Bias ±CI Bias ±CI Bias ±CI Bias ±CI Bias ±CI

ACCESS-CM2 1.06 ± 0.11 1.08 ± 0.11 0.71 ± 0.09 2.42 ± 0.07 1.05 ± 0.10
AWI-CM-1-1-MR 0.54 ± 0.11 0.51 ± 0.13 0.38 ± 0.10 0.53 ± 0.09 0.52 ± 0.11
BCC-CSM2-MR 0.86 ± 0.12 0.89 ± 0.12 1.50 ± 0.11 0.76 ± 0.09 1.75 ± 0.13
CMCC-CM2-SR5 1.25 ± 0.09 0.77 ± 0.12 0.49 ± 0.10 0.52 ± 0.09 0.57 ± 0.12
CMCC-ESM2 1.27 ± 0.09 0.72 ± 0.11 0.49 ± 0.09 0.46 ± 0.09 0.65 ± 0.12
CNRM-CM6-1 1.44 ± 0.09 0.82 ± 0.11 0.45 ± 0.09 1.41 ± 0.08 0.5 ± 0.11
CNRM-CM6-1-HR 0.46 ± 0.12 0.63 ± 0.12 0.47 ± 0.11 0.33 ± 0.10 0.72 ± 0.11
EC-Earth3 0.58 ± 0.10 0.35 ± 0.12 0.40 ± 0.10 0.33 ± 0.10 0.44 ± 0.11
GISS-E2-1-G 2.25 ± 0.08 1.28 ± 0.10 0.45 ± 0.08 0.83 ± 0.08 0.44 ± 0.10
HadGEM3-GC31-LL 3.19 ± 0.08 1.33 ± 0.10 1.13 ± 0.08 2.28 ± 0.08 0.72 ± 0.10
HadGEM3-GC31-MM 0.74 ± 0.11 0.48 ± 0.13 0.48 ± 0.11 0.90 ± 0.09 0.49 ± 0.11
IITM-ESM 1.40 ± 0.09 0.67 ± 0.11 0.36 ± 0.09 0.75 ± 0.09 0.71 ± 0.11
IPSL-CM6A-LR 0.98 ± 0.10 0.59 ± 0.12 0.38 ± 0.11 0.52 ± 0.10 0.81 ± 0.11
KACE-1-0-G 1.42 ± 0.10 0.91 ± 0.12 1.12 ± 0.09 1.43 ± 0.08 0.9 ± 0.10
KIOST-ESM 1.99 ± 0.09 1.09 ± 0.10 0.48 ± 0.09 0.85 ± 0.08 0.45 ± 0.09
MIROC6 2.85 ± 0.08 1.06 ± 0.10 0.68 ± 0.08 2.62 ± 0.07 1.28 ± 0.09
MIROC-ES2L 1.19 ± 0.10 0.99 ± 0.11 0.68 ± 0.10 1.88 ± 0.08 0.81 ± 0.10
MPI-ESM1-2-HR 0.49 ± 0.11 0.71 ± 0.12 0.51 ± 0.10 0.51 ± 0.09 0.85 ± 0.11
MPI-ESM1-2-LR 0.63 ± 0.12 0.64 ± 0.13 0.48 ± 0.11 0.85 ± 0.10 1.6 ± 0.13
MPI-ESM-1–2-HAM 0.65 ± 0.12 0.59 ± 0.13 0.41 ± 0.10 0.67 ± 0.12 1.49 ± 0.14
MRI-ESM2-0 0.79 ± 0.10 0.75 ± 0.12 1.35 ± 0.11 0.71 ± 0.10 1.16 ± 0.11
NESM3 0.85 ± 0.12 0.64 ± 0.13 0.41 ± 0.10 0.60 ± 0.10 1.51 ± 0.13

Eastern Ionian Aegean Adriatic Med Sea
Bias ±CI Bias ±CI Bias ±CI Bias ±CI Bias ±CI

ACCESS-CM2 0.62 ± 0.10 1.37 ± 0.10 2.23 ± 0.10 1.73 ± 0.07 1.36 ± 0.09
AWI-CM-1-1-MR 0.37 ± 0.11 0.52 ± 0.10 0.72 ± 0.12 0.52 ± 0.09 0.51 ± 0.11
BCC-CSM2-MR 0.73 ± 0.11 1.25 ± 0.12 0.87 ± 0.12 0.74 ± 0.1 1.04 ± 0.11
CMCC-CM2-SR5 0.48 ± 0.10 0.34 ± 0.11 0.94 ± 0.10 0.86 ± 0.08 0.69 ± 0.10
CMCC-ESM2 0.47 ± 0.10 0.33 ± 0.11 0.94 ± 0.11 0.88 ± 0.08 0.69 ± 0.10
CNRM-CM6-1 0.46 ± 0.10 0.57 ± 0.10 1.41 ± 0.10 1.12 ± 0.09 0.91 ± 0.10
CNRM-CM6-1-HR 0.57 ± 0.10 0.56 ± 0.10 0.54 ± 0.12 0.40 ± 0.09 0.52 ± 0.11
EC-Earth3 0.27 ± 0.09 0.29 ± 0.09 0.61 ± 0.11 0.50 ± 0.09 0.42 ± 0.10
GISS-E2-1-G 1.13 ± 0.09 0.87 ± 0.10 1.83 ± 0.11 1.04 ± 0.08 1.12 ± 0.09
HadGEM3-GC31-LL 0.48 ± 0.10 0.95 ± 0.09 1.19 ± 0.10 2.48 ± 0.07 1.53 ± 0.09
HadGEM3-GC31-MM 0.45 ± 0.10 0.73 ± 0.10 0.69 ± 0.11 0.53 ± 0.09 0.61 ± 0.11
IITM-ESM 0.49 ± 0.10 0.59 ± 0.12 1.39 ± 0.10 0.87 ± 0.08 0.81 ± 0.10
IPSL-CM6A-LR 0.39 ± 0.10 0.53 ± 0.10 0.99 ± 0.12 0.63 ± 0.09 0.65 ± 0.11
KACE-1-0-G 0.65 ± 0.10 0.68 ± 0.10 2.21 ± 0.10 1.57 ± 0.07 1.21 ± 0.10
KIOST-ESM 0.76 ± 0.09 0.52 ± 0.09 1.55 ± 0.10 1.06 ± 0.07 0.97 ± 0.09
MIROC6 0.66 ± 0.09 1.21 ± 0.09 2.23 ± 0.10 3.31 ± 0.06 1.77 ± 0.08
MIROC-ES2L 0.44 ± 0.09 0.89 ± 0.1 1.62 ± 0.10 2.07 ± 0.08 1.18 ± 0.10
MPI-ESM1-2-HR 0.46 ± 0.11 0.73 ± 0.11 0.82 ± 0.12 0.49 ± 0.09 0.62 ± 0.11
MPI-ESM1-2-LR 0.52 ± 0.12 1.06 ± 0.12 1.03 ± 0.12 0.69 ± 0.1 0.83 ± 0.12
MPI-ESM-1–2-HAM 0.48 ± 0.11 0.95 ± 0.12 1.03 ± 0.12 0.76 ± 0.09 0.78 ± 0.12
MRI-ESM2-0 0.76 ± 0.11 0.83 ± 0.11 0.65 ± 0.12 0.55 ± 0.09 0.84 ± 0.11
NESM3 0.52 ± 0.11 0.97 ± 0.12 0.93 ± 0.12 0.71 ± 0.09 0.79 ± 0.11
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The fifth group, in terms of bias distribution, is com-
posed of three models (GISS-E2-1-G, KIOST-ESM, and 
MIROC6). These models showed higher and statistically 
significant underestimation over a large part of the Med Sea. 
Therefore, these models are not recommended for any region 
considering that ERA5 is known to slightly underestimate 
wind speed compared to measurements (Çalışır et al. 2023). 
The 6th group, which is composed of three models (IITM-
ESM, KACE-1-0-G and IPSL-CM6A-LR), also showed 

model against the MPI-ESM1-2-LR low-resolution model, 
we can notice that increase in model resolution may reduce 
the biases in some Mediterranean regions (e.g. the Tyrrhe-
nian basin). However, the area with statistically significant 
change increased in the Algerian basin and the eastern Med-
iterranean Sea. Among the models of the 4th group, the best 
performing one is the MPI-ESM1-2-HR model. The aver-
aged absolute bias computed over the whole Mediterranean 
Sea for this model is 0.62 ± 0.11 m/s (Table 2).

Fig. 3  Mean absolute bias values and 95% confidence intervals (CI) of wind speeds over the Mediterranean sub-basins from 22 climate models 
for the historical period 1985–2014
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sub-basins but a bad accuracy in others. This kind of model 
may not be recommended for the Mediterranean scale cli-
mate change studies. On the other hand, some models like 
CNRM.CM6-1-HR, EC-Earth3, HadGEM3-GC31-MM, 
and AWI-CM-1-1-MR showed good and close performance 
in the overall sub-basins. Regarding the confidence inter-
val in the estimated biases, we can notice that at some sub-
basing and even if the models present a high absolute bias, 
the confidence interval range can be low. A low confidence 
interval reflects a better statistical fitting to ERA5 data in 
terms of distribution and may allow a better result after a 
statistical bias correction for the model results. The models 
presenting at the lower biases and lower confidence inter-
val range over most sub-basins are: CNRM-CM6-1-HR, 
EC-Earth3, HadGEM3-GC31-MM, AWI-CM-1-1-MR and 
MPI-ESM1-2-HR.

Based on the results presented in Table 2; Fig. 3, the best 
models recommended for each sub-basing are mapped in 
Fig. 4. The results showed that the EC-Earth3 model is the 
most recommended among all models for a large part of the 
Mediterranean Sea. EC-Earth3 showed the best performance 
in the Algerian basin, the Eastern Mediterranean basin, and 
the Ionian basin and is also recommended for the Balearics, 
the Tyrrhenian, the Ligurian, the Adriatic, and the Aegean 
basins. In the Alboran basin, the most recommended models 
are CNRM-CM6-1-HR and the MPI-ESM1-2-HR. How-
ever, based on the results presented in Fig.  3, EC-Earth3 
model presented a low bias value of 0.58 ± 0.10 m/s at this 
region. Furthermore, as an alternative model to EC-Earth3 
at Mediterranean scale, CNRM-CM6-1-HR which is more 
recommended for the Albertan Basin, also present a good 
accuracy over the whole Mediterranean basin and can also 
be recommended for Adriatic, Ligurian, and Aegean basins 

statistically significant underestimation in most Mediterra-
nean regions except in the southern part of the Tyrrhenian 
basin, off the Egyptian coast, around the Crete Island and off 
the Libyan coast. Among the models of the 6th group, IPSL-
CM6A-LR is the most recommended, with an absolute bias 
average of 0.65 ± 0.11  m/s over the whole Mediterranean 
(Table  2). The two remaining models, HadGEM3-GC31-
MM and MIROC-ES2L, showed different spatial distri-
bution in the normalized biases compared to all previous 
models. The HadGEM3-GC31-MM model overestimates 
the wind speed in the offshore regions of the Mediterranean 
Sea and over the Egyptian and Libyan coasts and underes-
timates the wind speed over all remaining coastal regions. 
Furthermore, the bias values are low and homogenous in all 
offshore regions. This model can be highly recommended 
for offshore study and not recommended for coastal regions 
where statistically significant biases are observed. The aver-
age absolute bias computed for the HadGEM3-GC31-MM 
model is 0.61 ± 0.11 m/s over the whole Mediterranean Sea. 
Concerning the MIROC-ES2L model, the wind speeds are 
substantially underestimated in the Greek, French, Turkish 
and Italian regions and overestimated in the Balearic basin, 
off the Algerian coast and in the eastern Mediterranean 
basin. Therefore, this model is less recommended than pre-
vious models with one of the highest absolute bias values of 
1.18 m/s ± 0.1 over the whole Med Sea (Table 2).

To better interpret the results presented in Table 2, the 
plot in Fig. 3 was created to observe the dispersion in the 
bias values and their confidence intervals computed for 
each model and over the Mediterranean sub-basins. The plot 
allows us to notice a large dispersion between the model 
results. Some models (e.g. KIOST-ESM, MICRO-ES2L, 
GISSE2-1G and NESM3) present a good accuracy in some 

Fig. 4  The most suggested wind climate models per Mediterranean sub-basins according to bias analysis results with respect to ERA5 reanalysis 
data
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the difference of the model’s WS percentile values with 
respect to ERA5 WS, and the dashed line shows the dif-
ference of the model’s WPD percentile values with respect 
to ERA5-based WPD. Shaded areas indicate the confidence 
interval for the estimated differences between the models 
and ERA5 percentile values estimated using the two-sam-
ple t-test. The shaded areas reflect the confidence, and the 
uncertainty related to the estimated biases. A low confidence 
interval indicates a good fit between the compared data and, 
therefore, more possibility to perform an accurate bias cor-
rection using statistical methods to improve the projection 
results. The red represents the model’s overestimation com-
pared to ERA5, while the blue represents the model’s under-
estimation. The dark-shaded areas indicate the confidence 
intervals at the 5% significance level of the difference of 
the model percentile values for WS, and the light-shaded 
areas indicate the difference of the model percentile values 
for WPD against ERA5 percentile values.

The assessment of the model performance in estimating 
the lower and higher WS and WPD allows us to better eval-
uate the model projection uncertainty, which may be related 
to the projected changes in wind speed distribution. For 
instance, a model with poor accuracy in estimating extreme 
wind speed can project higher uncertainty if the extreme 
events increase in favor of normal events in the future. 
This type of uncertainty may not be evaluated based on the 
averaged values. Therefore, the model accuracy should be 
evaluated over all the distribution ranges. This method was 
previously applied by Çakmak et al. (2025) to assess the 
model’s performance in estimating wave storm events in the 
Black Sea.

As can be seen in Fig. 5, the CNRM-CM6-1-HR model 
overestimates the percentile values of WS and WPD in the 
western part of the Mediterranean Sea (ST.1 to ST.6) com-
pared to ERA5 at all percentiles except for ST.1 and ST.2, 
where the model showed a good accuracy for the first 10 per-
centiles. Even with the observed overestimations, at ST.1, 
CNRM-CM6-1-HR shows good agreement with ERA5 for 
most of the percentiles with normalized bias values between 
0.05 and 0.1 for WS and between 0 and 0.4 for WPD. The 
location where the model is least in agreement with ERA5 
is ST.6 in the Tyrrhenian Basin. CNRM-CM6-1-HR WPD 
normalized differences reached 1.6 at that station, which 
reflects the high uncertainty that may result from model 
accuracy in climate change studies and the highest depen-
dence of the model accuracy to the study location.

In the eastern parts of the Mediterranean, the CNRM-
CM6-1-HR model underestimates both WS and WPD in the 
Aegean Basin (ST.11) below the 90th percentile and in the 
Eastern Mediterranean Basin (ST.12) below the 50th per-
centile. In the central region of the Eastern Mediterranean 
Basin (ST.10), the model underestimates WS and WPD 

(Fig. 4). Therefore, we highly recommend both EC-Earth3 
and CNRM-CM6-1-HR for wind speed and wind energy 
climate changes study for the Mediterranean Sea.

The spatial comparison of CMIP6 models with ERA5 
reveals statistically significant inter-model variability across 
Mediterranean sub-basins. While previous studies (Carvalho 
et al. 2021; Martinez and Iglesias 2023) evaluated CMIP6 
multi-model ensembles for Europe and the Mediterranean, 
our model-by-model assessment demonstrates that individ-
ual model performance varies considerably by region. EC-
Earth3 showed the best overall performance with the lowest 
averaged absolute bias (0.42 ± 0.10 m/s) across the Mediter-
ranean, consistent with its reported accuracy in European 
wind climate studies (Carvalho et al. 2021). In contrast, 
models such as BCC-CSM2-MR, which was included in 
previous Mediterranean ensemble studies (Carvalho et al. 
2021), exhibited substantially larger biases (1.04 ± 0.11 m/s) 
more than double that of EC-Earth3 highlighting the risk 
of relying on ensemble means that may mask such regional 
errors. Unlike ensemble-based approaches that implicitly 
assume equal model contributions (e.g., Akinsanola et al. 
2021; Claro et al. 2023), our sub-domain-specific evalua-
tion provides transparent guidance for model selection in 
regional wind resource assessments and emphasizes the 
need for performance-based model weighting in future 
Mediterranean wind climate projections.

Model performance in estimating WPD

To deeper assess the performance of the best models (EC-
Earth3 and CNRM-CM6-1-HR) recommended in terms of 
the spatial measured wind speed biases and to assess the 
model accuracy in estimating wind power density and their 
related uncertainties. Both models’ WS and WPD estimates 
are compared to ERA5-based estimations at 12 reference 
locations (Fig. 1). Knowing that the WPD is computed as 
a third-degree power of WS, the errors related to the wind 
speed estimates and the confidence interval of the estimated 
averages may be amplified. Therefore, to study the impact 
of climate change in wind energy resources the models’ 
uncertainty in terms of wind speed will not be sufficient 
to determine their uncertainty in estimating and projecting 
wind power changes. Furthermore, as long as the model per-
formance may change as a function of the estimated wind 
speed, and some models used to overestimate the lower 
wind speed and underestimated extreme wind speed, the 
models’ accuracy was evaluated based on the data distribu-
tion by comparing the estimated percentile values and not 
only based on the total averages.

The normalized differences of the CNRM-CM6-1-HR 
model relative to ERA5 WS and WPD percentile values are 
presented in Fig. 5. In the graphs, the continuous line shows 
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Figure 6 shows the normalized differences of the EC-
Earth3 model compared to ERA5 values for WS and WPD 
percentiles. EC-Earth3 overestimates WS and WPD in all 
percentiles at ST.4 and ST.6 locations in the western Medi-
terranean, similar to the CNRM-CM6-1-HR model but 
with lower and more stable normalized differences overall 
percentiles. At the remaining four locations in the western 
region (ST.1, ST.2, ST.3, ST.5), in contrast to CNRM-CM6-
1-HR, slight underestimations at high percentiles can be 
noticed. In the Algerian Basin (ST.3 and ST.4), the differ-
ences of EC-Earth3 against ERA5 WS and WPD percentile 
values are less than 0.2. At ST.3, the model slightly under-
estimates WS and WPD compared to ERA5 in almost all 
percentiles. In the western Mediterranean, the highest differ-
ences are again seen at ST.6, but the differences are slightly 
lower than in the CNRM-CM6-1-HR model, 0.2 and 0.8 for 
WS and WPD, respectively.

In the eastern part of the Mediterranean, EC-Earth3 
underestimates both WS and WPD compared to ERA5, 
covering a wider range of percentiles than that of CNRM-
CM6-1-HR at all locations except ST.7 and ST.11. In these 
four locations, EC-Earth3 overestimates the 90th percentile 
values between 0 and 0.05 differences for WS and between 

below the 30th percentile, while at higher percentiles, the 
model overestimates ERA5 for both WS (up to 0.2) and 
WPD (up to 0.6). In the Adriatic Sea (ST.8), the model 
gives very low differences (lower than 0.05) compared to 
ERA5 below the 60th percentile of WS and the 50th percen-
tile of WPD. In this region, the overestimation of the model 
is observed at the higher percentiles of WS and WPD. In 
the Ionian Basin (ST.9), similar to ST.1 and ST.2 locations 
in the western region, the model underestimates the below 
10th percentile, especially for confidence intervals.

In summary, the CNRM-CM6-1-HR model-derived 
WPD showed a statistically significant overestimation 
exceeding 50% for most percentiles, especially for the high-
est percentile values. The model accuracy in estimating the 
WPD percentiles changes considerably as a function of the 
location. The best results obtained for CNRM-CM6-1-HR 
were observed at ST.1 in the Alboran Basin and in the 
Adriatic Basin; however, at those two locations, the model 
presents substantial overestimation of the higher percen-
tiles. Regarding the model uncertainty in the estimated dif-
ferences, the confidence interval ranges are predominantly 
larger for the lower percentile and exceeded 40% at several 
locations, such as ST.3, ST.5, and ST.7.

Fig. 5  Normalized differences per percentile values of WS (Solid line) 
and WPD (Dashed line) derived from CNRM-CM6-1-HR climate 
model against ERA5 over the historical period 1985–2014 with the 

associated confidence interval. The red color reflects overestimated 
percentiles, and the blue color showed the underestimated percentiles
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Our percentile-based WPD evaluation extends beyond 
the mean-value approaches used in previous Mediterranean 
studies (Carvalho et al. 2021; Claro et al. 2023; Lira-Loarca 
et al. 2021). By examining the full WPD distribution (5th to 
95th percentiles), we demonstrate that model accuracy var-
ies substantially between typical and extreme wind events. 
EC-Earth3 maintained consistent performance across all per-
centiles with normalized differences generally within ± 0.2, 
while CNRM-CM6-1-HR systematically overestimated 
high percentiles, particularly in the Tyrrhenian Basin (ST.6) 
where WPD normalized differences reached 1.6 at the 95th 
percentile. This is critical for wind energy planning, as rely-
ing solely on mean values can mask biases in extreme events 
that affect wind farm design, capacity factor estimates, and 
risk assessment. Our approach provides a more robust frame-
work for evaluating model reliability compared to ensem-
ble-mean methods commonly applied in previous CMIP6 
assessments. Furthermore, the percentile-based evaluation 
revealed that EC-Earth3 outperforms CNRM-CM6-1-HR in 
the Aegean Basin a finding not evident from average-based 
bias analysis (Table 2) demonstrating the added value of dis-
tributional assessment for regional model selection.

0 and 0.2 differences for WPD. At the Aegean Basin 
(ST.11), an overestimation for the values above the 70th 
percentile is observed using the EC-Earth3 model. Above 
the 90th percentile, EC-Earth3 slightly overestimates the 
WPD compared to CNRM-CM6-1-HR at ST.11 (Aegean 
Basin); however, at all remaining percentiles, EC-Earth3 
is more in agreement with ERA5. Therefore, EC-Earth3 is 
more recommended in the Aegean Basin. This finding was 
not reached considering the average-based biases (Table 2), 
where the EC-Earth3 absolute bias in the Aegean Basin was 
higher than the CNRM-CM6-1-HR absolute bias.

Over the Mediterranean Sea, EC-Earth3 shows lower dif-
ferences compared to ERA5 percentile values for WS and 
WPD. In general, CNRM-CM6-1-HR is used to overesti-
mate the WS and WPD, whereas EC-Earth3 has a more bal-
anced performance. Especially for extreme values (above 
90th percentile), EC-Earth3 has much lower differences 
(± 0.2) with ERA5, except in the Aegean Basin ST.11. 
Regarding the confidence interval ranges, the EC-Earth3 
model shows a better performance at most locations. In both 
models, the confidence interval ranges of low percentile val-
ues are higher than those of high percentile values.

Fig. 6  Normalized differences per percentile values of WS (Solid line) 
and WPD (Dashed line) derived from EC-EARTH3 climate model 
against ERA5 over the historical period 1985–2014 with the associ-

ated confidence interval. The red color reflects overestimated percen-
tiles, and the blue color showed the underestimated percentiles
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along with the bias values relative to ERA5. A narrow CI 
range, typically ± 0.15–0.25  m/s, indicates statistically 
reliable differences between EC-Earth3 and ERA5 based 
on ten years of data referring the significance test results 
with a confidence interval of 95%. Across the Mediterra-
nean, the EC-Earth3 model reproduces the near-term mean 
wind speed climatology (2015–2024) with generally small 
deviations from ERA5, typically within ± 0.5 m/s. These 
differences are within the expected range for coarse-res-
olution GCM outputs, indicating that the model reason-
ably well captures the large-scale atmospheric circulation 
that influences Mediterranean wind patterns across all SSP 
scenarios.

Slight underestimations are found over the Alboran 
(ST.1) and Ligurian (ST.5) basins (≈ − 0.3 to − 0.4 m/s) con-
sistent with the model’s limited ability to represent strong 
zonal flow and topographically accelerated winds through 
the Strait of Gibraltar and along the Ligurian coast. Con-
versely, the Balearic basin (ST.2) shows a weak positive 
bias, suggesting that the model slightly overestimates open-
sea winds in this less-orographically constrained area. The 
northern and southern locations of the Algerian basin (ST.3 
and ST.4) exhibits contrasting behavior, with an underes-
timation in the north and near-neutral or slightly positive 
bias farther south. The Tyrrhenian basin (ST.6) and Tunisian 
shelf (ST.7) show modest positive biases (up to + 0.36 m/s), 

Assessment of near-term projected wind climate 
change

In this section, the ERA5 reanalysis dataset is compared with 
the EC-Earth3 climate model under different SSP scenarios, 
and the consistency between these datasets is assessed at 
selected reference points in terms of wind speed (WS) and 
wind power density (WPD). Figure 7 presents the trends of 
WS projections based on ERA5 data at 12 reference sta-
tions and different future simulations of EC-Earth3 for the 
period 2015–2024. As discussed in Sect. 3.2, the differences 
in radiative forcing between SSP scenarios over this 10-year 
period are minimal (IPCC 2021). Therefore, the divergence 
observed among SSP projections primarily reflects internal 
climate variability within the models rather than differences 
in scenario-driven forcing. The following analysis evaluates 
how well the EC-Earth3 ensemble captures observed short-
term trends and the range of natural variability in Mediter-
ranean wind patterns.

Table  3 shows the significant biases and uncertainties 
of EC-Earth3 future simulations compared to ERA5 WS 
and WPD for the 2015–2024 period. A 95% confidence 
interval was used for the Welch t-test (Eqs. 9–10) to mea-
sure the significance of the bias. Bolded values indicate 
significant biases for scenarios compared to ERA5. The 
uncertainty interval (CI) is given by ± for each scenario, 

Fig. 7  Near term (2015–2024) divergence between ERA5 and EC-Earth3 future scenarios for annual mean wind speeds
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remain small before mid-century. Any minor trend toward 
reduced underestimation in higher-forcing scenarios (e.g., 
SSP5-8.5) is not statistically significant and likely reflects 
internal variability rather than a physical response to sce-
nario forcing.

According to the Welch t-test results, only a subset of 
the biases (at locations ST.1, ST.3, ST.8, ST.10, and ST.12) 
are statistically significant at the 95% confidence level, pri-
marily those with larger deviations (ranging from − 0.20 
to 0.55  m/s) from ERA5. At most other locations, biases 
are statistically non-significant, indicating that EC-Earth3 
reproduces the observed near-term mean wind speed realis-
tically across most of the basin, however this uncertainty in 
the estimated average value should be considered in future 
climate change projection.

Compared to wind speed, the WPD biases show similar 
spatial patterns but with larger magnitudes and variability. 
Even small wind speed deviations thus result in amplified 
WPD differences, consistent with the cubic dependence 

which may stem from a smoother representation of coastal 
roughness and enhanced mixing over open water.

The largest negative bias (≈ − 0.5 m/s) is found in Adri-
atic (ST.8) under all scenarios, likely due to the model’s 
inability to resolve strong mesoscale winds that dominate 
this semi-enclosed basin. In the Ionian (ST.9) and Aegean 
(ST.11) basins, biases are small (− 0.15 to + 0.1 m/s), while 
the central (ST.10) and far eastern Mediterranean (ST.12) 
show mild underestimations (≈ − 0.3  m/s). These regions 
are generally characterized by weaker synoptic forcing and 
more homogeneous open-sea conditions, which the model 
reproduces more consistently.

Across all 12 locations, differences among the four SSP 
scenarios are minimal, typically less than 0.2 m/s. This con-
firms that, in the near-term period, variations in external 
forcing among SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-
8.5 exert negligible influence on mean wind speed. These 
findings are consistent with the IPCC AR6 (WGI, Chap. 4), 
which shows that scenario-specific forcing differences 

Table 3  The differences and uncertainties between WS and WPD derived from EC-Earth3 scenarios and ERA5 over the near-term period 
2015–2024. The values in red colors show the significant biases using Weltch’s t-test at 95% confidence
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± 0.05 m/s/year and this indicates that large-scale patterns 
have remained relatively stable, consistent with the short 
10-year timescale and internal climate variability dominat-
ing over forced responses. ERA5 primarily shows neutral 
to slightly negative trends, while EC-Earth3 SSPs showed a 
mixture of positive and negative trends depending on loca-
tion and scenario. Statistically significant positive trends 
were only detected for ST.1, ST.4, and ST.7 under specific 
scenarios (SSP2-4.5 and SSP1-2.6), implying localized pro-
jected increase in winds speed in these regions. However, 
no significant increasing trend was not observed based on 
ERA5 data. Given the short evaluation period and consider-
ing the fact that ERA5 represents the actual climate system, 
and that CMIP6 simulation represents a no deterministic 
forecast, the observed significant increases can be inter-
preted as expressions of internal variability rather than evi-
dence of externally forced change.

At the remaining locations and SSPs non-significant 
increase or decrease was observed. The no systematic 
increase or decrease was observed across SSPs, confirming 
that short-term changes in external forcing have minimal 
impact on the evolution of average wind speeds.

of WPD on wind speed. The largest underestimations (up 
to − 200 W/m²) occur in the Alboran (ST.1), north of the 
Algerian (ST.3), and Adriatic (ST.8) basins, reflecting the 
model’s limited ability to capture mesoscale wind systems. 
In contrast, positive biases over the Tyrrhenian and Tunisian 
shelf regions (≈ + 50–70 W/m²) indicate a tendency toward 
overestimation in open-sea or smoother-terrain environ-
ments. Among scenarios at the same location, WPD differ-
ences remain small (< 80 W/m²) and lack a systematic trend, 
confirming that near-term scenario forcing has little impact 
on regional wind energy potential. Statistically significant 
deviations are limited to locations with the largest negative 
biases, while most remain non-significant, suggesting that 
EC-Earth3 generally reproduces the Mediterranean wind 
power climatology realistically, albeit with biases amplified 
relative to mean wind speed.

Table 4 shows the Theil-Sen slopes (Eq. 3) for WS and 
WPD based on the ERA5 reanalysis and EC-Earth3 sce-
narios, along with their statistical significance evaluated 
through the Mann-Kendall test (Eqs. 4–7). In the near-term 
period (2015–2024), both ERA5 reanalysis and EC-Earth3 
simulations reveal low trends in average wind speed across 
the Mediterranean. Most trends fall within the range of 

Table 4  Theil-Sen trend slopes and their significance according to the Mann-Kendall test computed for the WS and WPD derived from ERA5 
data and EC-Earth3 scenarios over the near-term period 2015–2024. The values in red colors show the slope with significant trend
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of approximately 59.3% of the wind’s kinetic energy can 
theoretically be converted to electricity by an ideal wind 
turbine (Betz 1926; Manwell et al. 2009). In practice, mod-
ern offshore wind turbines typically achieve capacity factors 
of 35–45% due to additional losses from mechanical effi-
ciency, electrical conversion, wake effects, and operational 
constraints (IRENA 2023; Staffell and Pfenninger 2016), 
meaning actual energy production would be approximately 
30–40% of the theoretical WPD values presented. Addition-
ally, the offshore wind industry is moving towards taller 
turbines (120–150 m hub heights), which would experience 
5–8% higher wind speeds than our 90 m estimates due to 
vertical wind shear, following the power-law wind profile 
with a typical offshore shear exponent of 0.11 (IEC 61400-
1, 2019). Practical deployment in the Mediterranean also 
faces spatial constraints, as turbines are typically installed 
within ~ 30 km from shore and at water depths up to ~ 1 km, 
though floating technologies are enabling access to deeper 
waters (IRENA 2023). The WPD derived from ERA5 winds 
exhibited a decreasing trend at all stations except ST.2. At 
ST.1, the most closely aligned with the decreasing trend 
of ERA5 at −5.77 W/m²/year is observed in the SSP5-8.5 
scenario at −2.37 W/m²/year. Over the ten-year period, the 
closest average to the ERA5 WPD 898.93 W/m² at ST.1 sta-
tion is observed as 710.51 W/m² under the SSP5-7.0 sce-
nario. In the Balearic Basin (ST.2), the SSP3-7.0 scenario 

Wind power density (WPD) trends exhibit similar spa-
tial patterns but with high magnitude and variability. ERA5 
indicates mostly weak or negative trends, consistent with 
slightly declining near-surface winds. EC-EARTH3 results 
show alternating positive and negative slopes (within 
± 15 W/m2/yr), with notable positive trends (≈ + 10–25 W/
m²/year) at several locations (ST.3, ST.4, ST.7, ST.11). 
Among these, ST.5 (SSP2-4.5) and ST.7 (SSP3-7.0) 
exhibit statistically significant changes, suggesting poten-
tial regional wind energy enhancement signals. Overall, 
EC-Earth3 realistically reproduces the weak and heteroge-
neous near-term wind speed and wind power density trends 
observed in ERA5, without containing a clear signal depen-
dent on the scenario. The limited duration of the evaluation 
period (2015–2024) constrains the ability to robustly iden-
tify which SSP scenario provides the best representation of 
the present climate. Over such a short timescale, internal 
climate variability can dominate over externally forced dif-
ferences, reducing the reliability of scenario discrimination.

Figure 8 illustrates the trends of WPD projections cal-
culated based on different future simulations of ERA5 and 
EC-Earth3 at reference stations for the period 2015–2024. 
It is important to note that the WPD values presented here 
represent the theoretical kinetic energy available in the 
wind at 90 m hub height, rather than actual electricity gen-
eration potential. According to the Betz limit, a maximum 

Fig. 8  Near term (2015–2024) divergence between ERA5 and EC-Earth3 future scenarios for annual mean wind power density
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However, notable discrepancies emerged in other regions, 
such as the Ionian Basin (ST.9) and eastern Mediterra-
nean (ST.10), where all SSP scenarios projected increasing 
trends contrary to ERA5’s declining trends. These regional 
divergences likely stem from local atmospheric dynamics 
and ocean-atmosphere interactions not uniformly captured 
across CMIP6 models.

Unlike previous Mediterranean studies using CMIP5 
RCP scenarios (Carvalho et al. 2017; Gumuscu et al. 2024; 
Rusu 2024), our SSP-based analysis incorporates updated 
socioeconomic pathways and land-use changes. The mod-
est inter-scenario differences observed for 2015–2024 are 
consistent with Martinez and Iglesias (2023) for European 
waters, as emission pathway divergence primarily mani-
fests in the latter half of the 21 st century. However, SSP5-
8.5 already shows signals of amplified WPD changes in 
some northern sub-basins, suggesting early climate change 
impacts on wind resources.

Importantly, our direct comparison between observed 
ERA5 trends and SSP projections at sub-basin scales not 
previously conducted in Mediterranean CMIP6 stud-
ies (Carvalho et al. 2021; Claro et al. 2023; Martinez and 
Iglesias 2023) reveals both areas of agreement and statis-
tically significant divergence. This highlights the need for 
caution when extrapolating basin-wide projections without 
considering local model accuracy and scenario uncertainty, 
particularly for near-term renewable energy planning and 
investment decisions.

Conclusions

This study examines the performance of 22 CMIP6 models 
in simulating wind climate data and their accuracy in esti-
mating wind power density across the Mediterranean Sea. 
The research is important for understanding how climate 
change may affect offshore wind energy potential and for 
informing adaptation strategies. The models’ wind speed and 
wind power density outputs were compared against ERA5 
reanalysis data. The best-performing models were identified 
based on their precision in reproducing long-term histori-
cal wind speed averages with narrow confidence intervals. 
Additionally, their reliability in predicting wind power den-
sity was tested across different wind conditions from low 
to high energy outputs using percentile-based analysis. The 
results of this study allows us to identify a number of valu-
able conclusions.

Among the 22 CMIP6 climate models, the wind simu-
lation data derived from the EC-Earth3 model best match 
ERA5 wind data across the majority of the Mediterranean 
sub-basins. In addition to the EC-Earth3 model, the CNRM-
CM6-1-HR model showed good performance in basins with 

demonstrates a positive trend of + 4.48 W/m²/year, similar 
to the increasing trend of + 1.15 W/m²/year. Despite dem-
onstrating a decreasing trend at ST.2, SSP5-8.5 scenario 
exhibits the closest average to ERA5 (492.03 W/m²) with 
491.03  W/m². At ST.3, ST.7, ST.9, ST.10 and ST.11 sta-
tions, the positive trends exhibited by all SSP scenarios 
are in opposition to the negative trends observed in ERA5. 
At ST.3, ST.9 and ST.10 stations where the trends of the 
SSP scenarios are opposite to the ERA5 trends, the SSP2-
4.5 scenario provides the closest averages (971.54 W/m², 
628.66 W/m² and 649.30 W/m², respectively) to the ERA5 
WPD averages, 1120.67 W/m², 636.53 W/m² and 686.87 W/
m², respectively. At ST.7, most similar WPD average to 
ERA5 (625.15  W/m²) is evident in SSP1-2.6 scenario 
(614.01 W/m²). In the Aegean Basin (ST.11), SSP3-7.0 sce-
nario shows the most similar average to ERA5 (988.32 W/
m²) with 1065.64 W/m².

The sole scenario demonstrating a congruent trend direc-
tion with ERA5, displaying a decreasing trend of −3.67 W/
m²/year at ST.4, is SSP5-8.5 with − 5.42  W/m²/year. At 
this station, the SSP1-2.6 (616.13  W/m²) and SSP3-7.0 
(668.79  W/m²) scenarios exhibit the closest proximity 
to the ERA5 WPD average (641.67  W/m²). Of the three 
scenarios demonstrating a decreasing trend in the Ligu-
rian Basin (ST.5), the slightly negative trend of ERA5 
(−0.68  W/m²/year) closely corresponds to the SSP3-7.0 
scenario (−1.70 W/m²/year). At ST.5, the closest average to 
ERA5 (660.11 W/m²) is observed in the SSP2-4.5 scenario 
(556.64 W/m²). Contrary to the increasing trend exhibited 
by all other SSP scenarios in the Tyrrhenian Basin, SSP2-4.5 
demonstrates a decreasing trend of −0.29 W/m²/year, align-
ing with the direction of ERA5 (−3.82 W/m²/year). SSP1-
2.6 has an average of 512.73 W/m², which is almost exactly 
equal to the ERA5 WPD average (512.80 W/m²) at ST.6. 
The SSP2-4.5 (−1.24 W/m²/year) and SSP5-8.5 (−0.94 W/
m²/year) scenarios demonstrate a congruent trend, exhibit-
ing a decrease in WPD in the Adriatic Basin as indicated 
by the ERA5 (−2.60 W/m²/year). At ST.8, the most similar 
average to the ERA5 in WPD (519.14 W/m²) is observed 
in the SSP3-7.0 scenario (461.04 W/m²). SSP1-2.6 is the 
sole scenario that exhibits projections in the same direction 
(−2.18 W/m²/year) as ERA5 WPD trend (−7.49 W/m²/year) 
in the east of the Eastern-Mediterranean Basin. At ST.12, 
the scenario that shows the closest correspondence with the 
ERA5 WPD average (559.32 W/m²) is SSP1-2.6 (525.15 W/
m²), as observed in the trend.

Near-term (2015–2024) WS and WPD projections show 
scenario-dependent and regionally variable changes across 
the Mediterranean. Under SSP5-8.5, EC-Earth3 projec-
tions generally aligned better with ERA5 trends in several 
basins (e.g., Alboran, Tyrrhenian, and Aegean), reflecting its 
superior historical performance demonstrated in Sect. 4.2. 
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that observed short-term variations primarily reflect inter-
nal climate variability rather than scenario-driven forcing 
differences, as radiative forcing remains minimal during 
this period (IPCC 2021). EC-Earth3 realistically repro-
duces the observed spatial and temporal variability in 
ERA5, supporting its reliability for regional wind assess-
ment, although longer evaluation periods (post-2030) 
would be needed to better distinguish forced changes from 
internal variability. The conclusions reached in this study 
will facilitate the selection of climate models for a regional 
wind research study or project in the Mediterranean Sea. 
Reliable model selection enables energy planners and 
decision makers to make more accurate offshore wind 
resource projections for long-term investment decisions 
and for an adaptation to future climate change. Further-
more, an accurate wind model can allow more accurate 
wave climate projections, which is important for offshore 
and coastal projects.
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complex morphology, such as the Adriatic Sea, the Aegean 
Sea, and the Ligurian Basin, with better performance com-
pared to EC-Earth3 in the Alboran Basin. In terms of the per-
formance of the EC-Earth3 and CNRM-CM6-1-HR models 
in estimating wind speeds and wind energy, the EC-Earth3 
model demonstrated better performance and lower uncer-
tainty. The EC-Earth3 model shows more stable normal-
ized biases as a function of wind speed based on percentile 
evaluation. This balance ensures better future projections 
of wind energy related under climate change, especially in 
cases of increasing or decreasing extreme events in favor 
of low wind speed events. In other words, in the case of 
increased storm frequency in the future, a model that pres-
ents strong biases and high uncertainty in estimating high 
wind speed events will lead to greater uncertainty.

Across all 12 Mediterranean sub-regions, the scenario-
dependent uncertainties in EC-Earth3 remain small in the 
near-term period. The bias ranges and 95% confidence inter-
vals derived from the Welch t-tests show that differences 
among SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 are 
typically within ± 0.2 m/s for mean wind speed and < 80 W/
m² for WPD, with no systematic scenario-driven trend. Sta-
tistically significant biases, mainly in regions with stron-
ger mesoscale wind features (e.g., ST.1, ST.3, ST.8, ST.10, 
ST.12), highlight where model limitations dominate over 
scenario effects. For most regions, however, the confidence 
intervals overlap across scenarios, indicating that internal 
variability, rather than scenario forcing, governs the near-
term error spread. These results demonstrate that EC-Earth3 
reproduces the regional wind climate reasonably well, but 
the reported bias ranges and confidence intervals should be 
considered when interpreting future projections.

Regarding the near-term trends, both ERA5 and EC-
Earth3 SSP outputs show weak near-term (2015–2024) 
trends in mean wind speed. Slight positive trends were found 
mainly in the Alboran Basin (ST.1), southern Algerian Basin 
(ST.4), and Tunisian Shelf (ST.7) under some scenarios, 
while most other regions showed stable or slightly negative 
tendencies. These small and scattered signals suggest that 
wind conditions have remained largely unchanged, and that 
any apparent increases are more likely related to internal 
climate variability than to external forcing.

WPD trends generally follow wind speed patterns but 
with larger amplitude. Positive WPD trends appeared in 
a few sub-basins notably the Algerian (ST.3–ST.4), Tuni-
sian Shelf (ST.7), and Aegean (ST.11) regions indicating 
potential localized energy variations. However, most areas, 
including the Adriatic (ST.8) and Eastern Mediterranean 
(ST.10–ST.12), showed weak or negative trends, consistent 
with stable to slightly declining winds in ERA5.

No systematic differences were found among SSP1-2.6, 
SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, confirming 
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