
Citation: Ferreiro-Lera, G.-B.; Penas,

Á.; del Río, S. Unveiling Deviations

from IPCC Temperature Projections

through Bayesian Downscaling and

Assessment of CMIP6 General

Circulation Models in a Climate-

Vulnerable Region. Remote Sens. 2024,

16, 1831. https://doi.org/10.3390/

rs16111831

Academic Editors: Cheng Li,

Fei Zhang, Mou Leong Tan and

Kwok Pan Chun

Received: 17 April 2024

Revised: 14 May 2024

Accepted: 15 May 2024

Published: 21 May 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Unveiling Deviations from IPCC Temperature Projections
through Bayesian Downscaling and Assessment of CMIP6
General Circulation Models in a Climate-Vulnerable Region
Giovanni-Breogán Ferreiro-Lera 1,* , Ángel Penas 1 and Sara del Río 1,2

1 Department of Biodiversity and Environmental Management, Faculty of Biological and Environmental
Sciences, University of León, Campus de Vegazana s/n, 24071 León, Spain; apenm@unileon.es (Á.P.);
sriog@unileon.es (S.d.R.)

2 Mountain Livestock Institute (CSIC-ULE), León-Vega de Infanzones Road (Finca Marzanas-Grulleros),
24346 León, Spain

* Correspondence: gferl@unileon.es; Tel.: +34-987-293-406

Abstract: The European Mediterranean Basin (Euro-Med), a region particularly vulnerable to global
warming, notably lacks research aimed at assessing and enhancing the widely used remote climate
detection products known as General Circulation Models (GCMs). In this study, the proficiency
of GCMs in replicating reanalyzed 1981–2010 temperature data sourced from the ERA5 Land was
assessed. Initially, the least data-modifying interpolation method for achieving a resolution match
of 0.1◦ was ascertained. Subsequently, a pixel-by-pixel evaluation was conducted, employing five
goodness-of-fit metrics. From these metrics, we compiled a Comprehensive Rating Index (CRI). A
Multi-Model Ensemble using Random Forest was constructed and projected across three emission
scenarios (SSP1-RCP2.6, SSP2-RCP4.5, and SSP5-RCP8.5) and timeframes (2026–2050, 2051–2075,
and 2076–2100). Empirical Bayesian Kriging, selected for its minimal data alteration, supersedes the
commonly employed Bilinear Interpolation. The evaluation results underscore MPI-ESM1-2-HR,
GFDL-ESM4, CNRM-CM6-1, MRI-ESM2-0, CNRM-ESM2-1, and IPSL-CM6A-LR as top-performing
models. Noteworthy geospatial disparities in model performance were observed. The projection
outcomes, notably divergent from IPCC forecasts, revealed a warming trend of 1 to over 2 ◦C less
than anticipated for spring and winter over the medium–long term, juxtaposed with heightened
warming in mountainous/elevated regions. These findings could substantially refine temperature
projections for the Euro-Med, facilitating the implementation of policy strategies to mitigate the
effects of global warming in vulnerable regions worldwide.

Keywords: climate change; CMIP6; Empirical Bayesian Kriging; ERA5 Land; Global Circulation
Models; global warming; Euro-Med region; Random Forest; temperature

1. Introduction

The Massachusetts Institute of Technology reported in the 1970s a “inadvertent climate
disruption” [1]. The analysis of trends in average air temperatures swiftly emerged as
the principal evidence of planetary warming [2]. Nearly four decades later, the Intergov-
ernmental Panel on Climate Change (IPCC) deemed it highly probable that over half of
the 1951–2010 temperature surge can be ascribed to human activities [3]. This escalation
manifested as a 0.36 ◦C (0.26 to 0.44 ◦C) anomaly in the 1961–1990 air temperature relative
to the reference period of 1850–1900, which escalates to 1.09 ◦C (0.95 to 1.20 ◦C) when scru-
tinizing from 2011 to 2020 [4]. Alongside the transition toward a warmer climate, there has
been an intensification in the hydrological cycle; an uptick in the frequency and magnitude
of weather extremes, such as droughts in arid regions; and an increase in dry–warm and
wet–warm events [5–10]. As a result, primary food production [11], availability of natural
resources, energy production [12] and water reservoirs [13], and even human health and
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behavior [14–16] are poised to be impacted. Hence, global warming is a paramount concern
for the scientific community, the media, and the general population [17].

However, it is important to note that warming is not uniform across the Earth’s surface,
but rather there are significant warming holes [18,19], as well as regions that experience
warming well above the global average [20]. The world’s Mediterranean climate regions
are characterized by strong summer drought conditions [21,22] and fall within these “su-
perwarming” regions [4]. Significant temperature increases have been observed in these
regions, along with the prevalence of droughts driven by extreme heat events [4,23,24].
In California, human demand, combined with extremely high temperatures, led to the
most significant drought event of the millennium in 2012–2014 [25]. Recent studies warn
that, in this state, 1980–2019 air temperatures have increased by about 0.01 ◦C per year
(0.008–0.017 ◦C) [26]. Similar annual change magnitudes have also been detected in South
Africa or Australia [27–29]. However, the region of the globe where the Mediterranean
climate reaches its maximum extent is in the European Mediterranean Basin [22]. There, ac-
cording to the latest report from the Mediterranean Experts on Climate and Environmental
Change (MedECC), the temperature increase has been 0.4 ◦C (0.1–0.5 ◦C) higher compared
to the reference period of 1860–1890 than the global average [30].

In recent decades, General Circulation Models (GCMs), along with satellite products,
have become pivotal in simulating and remotely detecting climate trends [19,31–35]. There
are numerous reasons that have made GCMs the most widely used tools for working
with present and projected climate simulations. Firstly, many regions globally lack readily
available in situ climate data that are accessible in open access [36]. Furthermore, past
climate models, despite being criticized as alarmist, have proven highly skillful in simu-
lating 1970–2007 global surface warming [37]. In fact, it is this forecasting capability that
makes them indispensable in the routine of climate simulation [38]. The latest generation of
GCMs, introduced with the release of CMIP6, exhibits a substantial improvement compared
to its predecessors [39]. Precision and error rates in simulating climatic types appear to
enhance across most model families, particularly those that have increased their spatial
resolution compared to those presented in CMIP5 [40]. Similarly, CMIP6 GCMs better
capture trends in atmospheric circulation [41,42], resulting in the improved simulation
of climatic variables such as temperature or precipitation [43–45]. Specifically, for the
Euro-Mediterranean Region, CMIP6 GCMs seem to mitigate the exaggerated warming
trends observed in previous generations and show higher dispersion in non-extreme pre-
cipitation (percentile 5th–95th) [46]. However, the success of GCMs is not without criticism.
Should they be used only for qualitative and probabilistic assessments? Is model bias being
considered in the adoption of political measures? Can all variables be predicted with even
acceptable accuracy? Cases of contentious variables [47] and regions [48,49] are already
known in this regard. Moreover, there is a growing concern in recent years about the dis-
crepancy of models in predicting processes at the mesoscale and microscale, even labeling
regional predictions as arbitrary [50,51]. Thus, the evaluation of GCMs at a local scale
is absolutely necessary before incorporating them into a Multi-Model Ensemble (MME),
aiming to identify possible deviations or abnormal discrepancies in certain GCMs that
may undermine the predictive capacity of studies. This locally based evaluation approach,
combined with MME, is prevalent in numerous research endeavors [32,35,52–56]. Never-
theless, a notable absence of such a localized assessment for the European Mediterranean
region has been identified [57], with few studies conducting a comprehensive comparison
of model-performance disparities [58–61]. Furthermore, to the best of our knowledge, the
scrutinized works within the Euro-Med lack a geospatial component indicating areas where
General Circulation Models (GCMs) achieve optimal performance versus those where they
exhibit mediocre simulation outcomes. In the context of the anticipated significant warming
within the Euro-Med region, it becomes imperative to possess projections that are both
realistic and precise, characterized by high resolution and grounded in an analysis of
GCMs renowned for their adept simulation of Mediterranean temperatures. Furthermore,
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acquiring insights into the spatial domains critical for climate modeling with respect to
specific GCMs is of paramount importance.

It was the principal goal of this study to refine current temperature projections in the
Euro-Med region through the systematic application of downscaling and a comprehensive
assessment of 34 GCMs. Another key aim of our research was to compare the results of
the projections obtained using the methodology applied here with the global and regional
projections of the IPCC in order to reveal potential differences. IPCC predictions were
established using a large MME (>30 GCMs), with no verification of local performance. To
this end, both a Simple Averages MME (SAE) and a Random Forest MME (RFE) were con-
structed, tested, and projected across three distinct future timeframes—short (2026–2050),
medium (2051–2075), and long (2076–2100) term—contingent upon three distinct emis-
sion scenarios: SSP1-RCP2.6, SSP2-RCP4.5, and SSP5-RCP8.5. Moreover, as a secondary
objective, the developed MME was indeed evaluated at a monthly scale to potentially
substantiate the hypothesis that the performance of models at longer scales is inherently
linked to performance at shorter scales [62].

It is believed that this research brings significant novelties to the field of GCM analysis
and evaluation. In recent years, several studies have conducted projections concerning
Mediterranean temperature [46,63–67]. As far as we are aware, our study is the first to rely
on a pre-established ranking of the optimum downscaled, best-performing GCMs in the
Euro-Med. Thus, we endeavor to introduce several advancements to current knowledge
in temperature forecasting and GCM assessment, focusing on a climate-vulnerable and
poorly studied region. Currently, to our knowledge, no thorough analysis of different
interpolation techniques has been carried out alongside a GCM performance evaluation in
our research region. Therefore, fine-scale downscaling allows us to retrieve the simulated
temperatures of each GCM at the scale of the reference dataset used (ERA5 Land, 0.1◦),
enabling a high-resolution assessment of the geospatial performance, an approach not
previously available in the reviewed scientific literature. In line with this, while ERA5
Land has recently been used in the correction of climate datasets [68], including GCMs [69],
this may be the first application as a reference dataset in GCMs assessment. Lastly, an
important feature of this research is the wide integration of GCMs (34 total) from top
modelling centers, which includes differences in resolution and considers aerosol–oceanic
dynamics [70,71]. Although an annual evaluation will be conducted, the authors posit that
the presented method could be applied at seasonal and monthly scales, representing a
potential avenue for future research. Similarly, the developed method can be applied to
other regions worldwide. The decision to focus on the European Mediterranean region was
solely due to its vulnerability to climate change and limited research, where temperature
variability and differences from previous predictions are expected to be significant. Hence,
our regional study can be deemed of global significance. It is expected that, if found, the
differences with the IPCC predictions may help inform the development of effective policy
measures at regional level in climate adaptation and land management.

2. Materials and Methods
2.1. Study Area

The European Mediterranean Basin (or Euro-Med) is typically defined as the collection
of river basins draining into the Mediterranean Sea. However, for the purposes of this
research, countries within the region were considered in their entirety to provide compre-
hensive information in an area particularly vulnerable to climate variability (Figure 1). The
selected study area, covering an area of over 3 million km2, is delimited by the parallels
34◦N and 52◦N, and by the meridians −10◦W and 45◦E.

In terms of its topography, the area is notably mountainous due to the significant
geological changes during the Alpine orogeny [72]. Prominent mountain systems include
the Alps, north of the Italian Peninsula, and the Armenian Highlands, east of Turkey, with
peaks exceeding 4800 m. Other relevant mountain ranges include the Sierra Nevada and
the Pyrenees in Southeastern and Northwestern Spain, respectively; the Apennines in
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Central Italy; the Dinaric Alps along the Adriatic coast; the Carpathians in Romania; and
the Balkans in Bulgaria. The major river basins in the region include the Danube, Rhône,
and Po, which collect much of the Alpine water. The Ebro in Southeastern Spain and the
Kizilirmak in Northern Turkey are also notable for their flow rates.
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Regarding its climatology, much of the territory experiences pronounced seasonality
in precipitation, resulting in a summer drought lasting for at least two consecutive months.
These areas have a subtropical or Mediterranean climate, with average annual tempera-
tures ranging from 18 to 24 ◦C and summer averages between 28 and 36 ◦C [21,73]. The
northern zones north of the 45◦ parallel, however, have temperate climates, with a more
stable hydrological regime, no summer drought, and milder temperatures throughout the
year [21].

2.2. Data Collection
2.2.1. GCMs Temperature Data

Monthly mean temperature data simulated by 34 CMIP6 GCMs were obtained from
the Lawrence Livermore National Laboratory node of the World Climate Research Program
website (https://esgf-node.llnl.gov/projects/cmip6/, accessed on 16 December 2022). The
GCMs selected, along with their supporter institution and their native resolution, are listed
in Table 1. Only the first ensemble run (r1i1p1) was considered, shortening the timeframe
to 1981–2010, which is the last 30-year period recommended by the World Meteorological
Organization (WMO) and included in the CMIP6 historical experiment (1850–2014) [74].

Table 1. The 34 CMIP6 Global Circulation Models (GCMs) selected in this study and their attributes
(supporter institution, name, and native resolution).

Supporter Institution GCM Name Native Resolution (x, y)

Commonwealth Scientific and Industrial Research
Organization (Australia)

ACCESS-CM2
1.875◦ × 1.250◦ACCESS-ESM1-5

Canadian Centre for Climate Modelling and Analysis (Canada) CanESM5
2.813◦ × 2.789◦CanESM5-CanOE

https://esgf-node.llnl.gov/projects/cmip6/


Remote Sens. 2024, 16, 1831 5 of 31

Table 1. Cont.

Supporter Institution GCM Name Native Resolution (x, y)

Beijing Climate Center (China) BCC-CSM2-MR 1.125◦ × 1.121◦

BCC-ESM1 2.813◦ × 2.789◦

Chinese Academy of Meteorological Sciences (China) CAMS-CSM1-0 1.125◦ × 1.121◦

Nanjing University of Information Science and Technology (China) NESM3 1.875◦ × 1.865◦

Institute of Atmospheric Physics Chinese Academy of
Sciences (China) CAS-ESM2-0 1.406◦ × 1.417◦

Institute of Atmospheric Physics, Chinese Academy of
Sciences (China) FGOALS-f3-L 1.250◦ × 1.000◦

The First Institution of Oceanography (China) FIO-ESM2-0 1.250◦ × 0.942◦

Centre National de Recherches Météorologiques (France) CNRM-CM6-1
1.406◦ × 1.400◦CNRM-ESM2-1

Institut Pierre-Simon Laplace/Centre National de Recherche
Scientifique (France)

IPSL-CM6A-LR
2.500◦ × 1.268◦IPSL-CM6A-LR-INCA

Max-Planck-Institut fuer Meteorologie, Deutsches
Klimarechenzentrum (Germany)

MPI-ESM1-2-HAM
1.875◦ × 1.865◦MPI-ESM1-2-LR

MPI-ESM1-2-HR 0.938◦ × 0.935◦

Centro Euro-Mediterraneo sui Cambiamenti Climatici (Italy) CMCC-ESM2 1.250◦ × 0.942◦

Indian Institute of Tropical Meteorology (India) IITM-ESM 1.875◦ × 1.904◦

National Institute for Environmental Studies, Japan Agency for
Marine–Earth Science and Technology (Japan)

MIROC6 1.406◦ × 1.400◦

MIROC-ES2L 2.813◦ × 2.789◦

Meteorological Research Institute (Japan) MRI-ESM2-0 1.125◦ × 1.121◦

Bjerknes Centre for Climate Research, Norwegian Meteorological
Institute (Norway) NorESM2-MM 1.250◦ × 0.942◦

Russian Academy of Sciences, Institute of Numerical
Mathematics (Russia) INM-CM5-0 2.000◦ × 1.500◦

National Institute of Meteorological Sciences, Korea Met.
Administration (South Korea) KACE-1-0-G 1.875◦ × 1.250◦

Korea Institute of Ocean Science and Technology (South Korea) KIOST-ESM 1.875◦ × 1.895◦

Met Office Hadley Centre (United Kingdom) HadGEM-GC31-LL
1.875◦ × 1.250◦UKES-M1-1-LL

National Center for Atmospheric Research CESM2-WACCM 1.250◦ × 0.942◦

Geophysical Fluid Dynamics Laboratory/NOAA (United States
of America) GFDL-ESM4 1.250◦ × 1.000 ◦

NASA Goddard Institute for Space Studies (United States of America) GISS-E2-1-G
2.500◦ × 2.000◦GISS-E2-2-G

University of Arizona—Department of Geosciences (United States
of America) MCM-UA-1-0 3.750◦ × 2.235◦

2.2.2. ERA5 Land Temperature Data

ERA5 Land, the latest reanalysis product from the European Centre for Medium-Range
Weather Forecasts (ECMWF), has emerged as one of the most widely utilized terrestrial
reanalysis products to date [75].

Its remarkable simulation of in situ temperature is positioning it as the forefront prod-
uct in the field. Several studies have reported a correlation exceeding r = 0.9 with observed
temperatures, showcasing its exceptional ability to detect thermal fluctuations across vari-
ous temporal scales (from intraday to intermonth) [76–78]. Moreover, it outperforms its
predecessors in spatial resolution (0.1◦ ≈ 11.1 km) and simulation capacity [79,80], while
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also matching or surpassing satellite products. It has been suggested that, on a global
scale, ERA5 Land is as proficient as satellite products like AIRS or MODIS in detecting
temperature trends [81]. Furthermore, in regions characterized by complex topography,
such as the Euro-Mediterranean region, ERA5 Land has been shown to outperform MODIS
in trend detection while exhibiting less exaggeration of temperature increases [82]. Analo-
gously, it has demonstrated greater accuracy in capturing both interdecadal and interannual
temperature trends compared to NASA POWER, based on MERRA-2, and is more suitable
for calculating specific extreme temperature indices [83].

While ERA5 has been used to evaluate the performance of GCMs land surface temper-
ature simulation [84–86], our study would represent, to our understanding, the first use of
ERA5 Land with that specific objective in mind. The monthly averaged temperature dataset
from ERA5 Land was acquired through the Copernicus Climate Change Service (C3S)
website (https://cds.climate.copernicus.eu/, accessed on 16 December 2022). The temporal
window was adjusted, following the process conducted in the historical experiment of the
GCMs, to the period 1981–2010.

2.3. Cross-Validation of Interpolation Methods

In this paper, GCMs are interpolated to ERA5 Land resolution (0.1◦). While this may
seem a fine resolution, GCMs have already been interpolated to this or lower scales [56,87,88].
Even downscales of less than one square kilometer have been performed [89]. Bilinear
interpolation is undoubtedly the most commonly used method either when matching the
spatial resolution of GCMs or when adjusting them to the reference dataset [32,35,52,56,87].
However, this may not be the optimal way to do it, and the data may be undergoing
significant transformation. Therefore, it is intended to establish which interpolation method
is the least data-modifying in a specific study area.

Six interpolation methods are tested in this paper: Bilinear Interpolation (BI), Inverse
Distance Weighting (IDW), Kernel Smoothing (KS) and three Kriging methods: Ordinary
Kriging (OK), Cokriging (plus Elevation) (COK+E) and Empirical Bayesian Kriging (EBK).
The former two are deterministic methods, whereas Kriging is a geostatistical technique
based on the methodical computation of the influence of certain points on other adjacent
points [90]. On the other hand, Kernel is a polynomial method based on the obtention of
the optimal prediction polynomial for each pixel [91].

The aforementioned interpolation methods were compared using a cross-validation
procedure based on the error between raw data and the interpolated output [92,93]. It
consists of a leave-one-out cross-validation, which is the default cross-validation procedure
provided by the program in the version adopted. From the native resolution of each GCM,
which is very divergent from each other, as shown in Table 1, we applied the aforementioned
interpolation methods, setting 0.1◦ as the target (output) resolution. Spatial Analyst and
Geostatistical Analyst extensions of ESRI ArcGIS 10.8 were used [94].

2.4. GCMs Performance Assessment and Ranking

An extensive review would be required to explain in detail the profusion of methods
available for assessing and ranking General Circulation Models (GCMs): reliability ensem-
ble averaging, relative entropy, symmetric uncertainty, Bayesian approaches, probability
density functions, or clustering are merely a sample of this wide diversity [57]. Neverthe-
less, despite the multitude of existing methods, conventional metrics continue to be used in
GCM evaluation, as they offer greater comparability across studies [57]. Furthermore, they
vary within known ranges, making them easily interpretable. These conventional metrics,
also referred to as goodness-of-fit (GOF) metrics, employ simple calculations to compare
the values of GCMs with those of a reference dataset—in this case, ERA5 Land.

Coefficient of Correlation (CC), Normalized Root Mean Squared Error (NRMSE),
Nash–Sutcliffe Efficiency (NSE), Kling–Gupta Efficiency (KGE), and modified index of
agreement (md) were implemented as GOF metrics in this study. All of them were devised
to assess various facets of two data distributions to ascertain whether both sets of data

https://cds.climate.copernicus.eu/
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could stem from a shared underlying distribution. Indeed, this serves as one of the
primary rationales underpinning the utilization of diverse goodness-of-fit metrics. Their
mathematical formulas are provided below (Equations (1)–(5)).

CC =
∑N

i=1
(
simi − sim

)(
obsi − obs

)
√

∑N
i=1
(
simi − sim

)2·
√

∑N
i=1
(
simi − sim

)2
(1)

NRMSE =

√
1
N ∑N

i=1(simi − obsi)
2

obs(max) − obs(min)
(2)

NSE = 1 − ∑N
i=1(simi − obsi)

2

∑N
i=1

(
obsi − obs

)2 (3)

KGE = 1 −

√√√√√(CC − 1)2 +

(
sim
obs

− 1

)2(σsim
/
sim

σobs
/
obs

− 1

)2

(4)

md = 1 − ∑N
i=1|(obsi − simi)|j

∑N
i=1

∣∣∣simi − obs
∣∣∣+ ∣∣∣(obsi − obs

)∣∣∣j (5)

where simi stands for simulated data, obsi for observed data, sim for mean simulated
data, obs for mean observed data, σsim for simulated data variance, σobs for observed data
variance, and N for the number of records.

All metrics presented, except for NRMSE, have a range that reaches its maximum
at the value 1, representing the ideal fit between simulation and observation. The only
difference is that both CC (Equation (1)) and md (Equation (5)) have a lower bound of
0, where this value represents total disagreement between simulation and observation,
while NSE (Equation (3)) and KGE (Equation (4)) have no lower limit, so the closer a value
is to −∞, the worse the model–reality relationship. On the other hand, NRMSE has the
opposite interpretation: it varies between 0 and 1, with 0 representing the ideal fit and
positive values representing the error between simulation and observation. Examples of
the application of the GOF metrics can be found in current research [52,55,60,61,95].

Logically, from each of the GOF metrics, a ranking is obtained that orders the different
GCMs from worst to best according to their value for that metric. To obtain an overall
ranking, the most common approach is to resort to a method based on a single index, which
most studies typically refer to as the Comprehensive Rating Index (CRI) [60,96,97]. Its
mathematical expression is presented herein (Equation (6)).

CRI = 1 − 1
nm

n

∑
i=1

Ranki (6)

where n is the number of metrics (5); m is the number of models evaluated (34); and Ranki
represents the ranking position of GCM m based on metric n, ranging from 1 to 34. Hence,
the closer the model is to CRI = 1, the better it fits ERA5 Land reanalyzed data.

2.5. Multi-Model Ensemble and Future Projections

Multi-Model Ensemble (MME) methods have been classified into unweighted and
weighted [98]. Unweighted procedures have been recommended and employed as standard
practice for several decades, primarily due to their ease of use [3]. The most widely used
among these methods is the Simple Averages Multi-Model Ensemble (SAE). However, it has
been found that weighted methods, especially those based on machine learning algorithms,
produce better results and reduce the systematic biases inherent in each GCM [99,100].
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Within these, the Random Forest Multi-Model Ensemble (RFE) has proven to be one of the
most practical, accurate, and popular methods currently [100].

Both SAE and RFE were compared in this research. The SAE was obtained by directly
averaging the values of the GCMs intended for ensemble. For a more detailed explanation
of how to obtain an RFE, one should refer to the original publication [101]. However, it is
worth mentioning that the parameters used were ntree = 500, and mtry = 2, with 80% of the
data for calibration, and the reanalyzed temperature was used as the independent variable.

To select the number of models included in the MME, the “best MME” criterion was
followed. This involved generating 34 MMEs by adding the 34 GCMs in order of ranking
and selecting the MME with the maximum correlation with the reanalyzed temperature.
This approach is similar to that used by other authors [61]. However, as an innovation, this
study also considers the “explained variance” criterion. This criterion entails determining
which of the 34 designed MMEs predominantly explains (has a higher percentage of) the
variance present in the ERA5 Land reference database. In other words, for instance, if the
variance of ERA5 Land is 1.0, an MME with a variance value of 0.85 would be considered
better, initially, than one with a value of 0.80.

Finally, the optimal MME obtained will be used to establish projections for short-
term (2026–2050), medium-term (2051–2075), and long-term (2076–2100) periods under
different greenhouse gas emission scenarios from CMIP6: optimistic (SSP1-RCP2.6), in-
termediate (SSP2-RCP4.5), and pessimistic (SSP5-RCP8.5) [102]. Emission scenarios data
were also obtained from the Lawrence Livermore National Laboratory node of the World
Climate Research Program website (https://esgf-node.llnl.gov/projects/cmip6/, accessed
on 16 December 2022)

3. Results
3.1. Cross-Evaluation of Interpolation Methods

Six interpolation methods were applied to match the resolution of the 34 GCMs, with
the resolution of the reference dataset being (0.1◦): Inverse Distance Weighting (IDW),
Bilinear Interpolation (BI), Kernel Smoothing (KS), Ordinary Kriging (OK), Cokriging plus
Elevation (COK+E), and Empirical Bayesian Kriging (EBK). Figure 2 shows the Mean Error
(ME) and Root Mean Square Error (RMSE) between GCM value in its native resolution
and GCM value in its interpolated resolution (0.1◦) for the 34 selected GCMs. Concerning
the deterministic methods (BI and IDW), subtle discrepancies between them are noted,
albeit both exhibiting similar downscaling capabilities, as indicated by their comparable
RMSE values (0.9 versus 0.8 as the median value). BI manifests a ME range spanning from
+0.08 to −0.013, with certain disregarded outliers reaching extremes of +0.18 and −0.35.
Conversely, IDW displays a maximum ME of +0.02 and a minimum of −0.06. In general,
IDW demonstrates greater stability as a deterministic method (with lesser intermodel
discrepancies) than BI, with its median value in closer proximity to 0, and displaying either
a slight or negligible propensity for underestimation. The polynomial KS method mirrors
IDW’s traits, albeit exhibiting a substantially compressed median value around 0 and a
diminished RMSE, with a median hovering around 0.6. Among geostatistical methods,
EBK emerges as the exemplar, showcasing the lowest error values, both in terms of ME
and RMSE. Its entire ME spectrum spans from +0.005 to −0.004, positioning it closest to
0, while registering scarce absolute under or overestimations. The median value of its
RMSE stands at 0.41, unequivocally the most minimal. Conversely, neither KS nor COK+E
yield favorable outcomes, yielding even poorer estimates than deterministic counterparts.
Particularly, COK+E’s ME values exhibit a marked skew towards underestimation (median
= −0.05), with standardized error values surpassing 1 for several GCMs, constituting their
median. Although OK portrays a more acceptable ME range (−0.06 to +0.06, with outliers
disregarded), it yields RMSE values similar to those of COK+E.

https://esgf-node.llnl.gov/projects/cmip6/
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Figure 2. Mean error (ME) and Root Mean Square Error (RMSE) of the applied interpolation methods
in downscaling the GCMs temperature data. IDW, Inverse Distance Weighting; BI, Bilinear Inter-
polation; KS, Kernel Smoothing; OK, Ordinary Kriging; COK+E, Cokriging plus Elevation; EBK,
Empirical Bayesian Kriging.

The outcomes regarding individual model deviations are illustrated in Figure 3. It is
evident that EBK stands out as the method that minimizes RMSE to the greatest extent,
with values equal to or less than 0.5 for the majority of GCMs. Even in models with
certain “resistance” to interpolation, such as those from the IPSL and GISS families, along
with KIOST, which consistently exhibit errors irrespective of the method employed, the
application of EBK appears to mitigate these discrepancies. BI, KS, and to a lesser extent,
IDW, also demonstrate considerable consistency. Conversely, both OK and COK+E display
substantial errors, with values close to or exceeding 1.5 in RMSE for models from the
CNRM, CMCC, and CESM2 families, and significant errors ranging between 1.0 and 1.5
in RMSE for numerous other GCMs (Hadley, MPI, or GFDL families), underscoring once
again their inability to yield acceptable downscaling results.

Finally, it is imperative to underscore the geospatial disparities observed in the in-
terpolation of each GCM. To illustrate this, a particular model, the HadGEM-GC31-LL,
was chosen as an example, and its spatial distribution of errors in the Euro-Med region
is delineated in Figure 4. Notably problematic areas arise across all methods except for
EBK. These problematic zones are concentrated in Central and Eastern Turkey, as well as in
high-altitude regions such as Northern Spain, Central France, the Alps, the Dinaric Alps,
and the Balkans. In these areas, methods such as IDW, OK, and especially COK+E, alter
the data by up to +4.4 ◦C. Additionally, a profound depression is observed in the center of
the Czech Republic, where the alteration reaches as low as −4.2 ◦C. Although BI exhibits
more consistency than the previous methods and does not manifest such gross positive
errors (maximum of +3.5 ◦C), it demonstrates negative errors across virtually the entire
study area, with areas of significant modification (exceeding −3.8 ◦C) in Eastern Spain,
Southern Turkey, or the Franco-Italian coast.

Regarding EBK, it shows its greatest strength in these findings, as the low error rate
(Figure 2) and consistency among models observed previously (Figure 3) translate into
remarkable spatial regularity. The entire range of data alteration through interpolation
ranges from −1.15 ◦C (Czech Republic) to +1.41 ◦C (Eastern Turkey), significantly lower
than that of any other method. However, despite specific zones, such as in most of the
territory, the range of modification oscillates between +0.19 and +0.35 ◦C.

The superiority of EBK as the interpolation method with the least data modification
was demonstrated on the global error rate, intermodel consistency, and geospatial regularity
level. Therefore, this Bayesian approach is implemented to equalize the scale of the 34
selected GCMs to that of the ERA5 Land reference dataset (0.1◦).
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Figure 4. Spatial distribution of the absolute error in temperature (◦C) for an example of GCM
(HadGEM-GC31-LL). Root Mean Square Error (RMSE) and Mean error (ME) are also shown. IDW,
Inverse Distance Weighting; BI, Bilinear Interpolation; KS, Kernel Smoothing; OK, Ordinary Kriging;
COK+E, Cokriging plus Elevation; EBK, Empirical Bayesian Kriging.

3.2. Ranking and Assessment of GCMs

Table 2 presents the performance of each of the 34 GCMs for each of the five GOF
metrics used. These results stem from a pixel-to-pixel comparison of the annual mean
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temperature at 0.1◦ provided by each interpolated GCM versus the observed (reanalyzed)
by ERA5 Land. Additionally, the table displays the global ranking based on the Compre-
hensive Rating Index (CRI).

Table 2. Goodness-of-fit between General Circulation Models (GCMs) and ERA5 Land temperature
data. NRMSE, Normalized Root Mean Squared Error; NSE, Nash–Sutcliffe Efficiency; KGE, Kling–
Gupta Efficiency; CC, Correlation Coefficient; md, modified index of agreement. Comprehensive
rating index (CRI) value and overall rank are also displayed. The rank for each metric is shown
between brackets. The top 5 models for each variable are highlighted in bold.

GCM NRMSE (%) NSE KGE CC md CRI

ACCESS-CM2 53.20 (16) 0.72 (16) 0.85 (5) 0.87 (20) 0.75 (14) 0.58 (14)
ACCESS-ESM1-5 57.60 (22) 0.67 (22) 0.72 (28) 0.86 (23) 0.72 (20) 0.32 (24)
BCC-CSM2-MR 49.30 (12) 0.76 (12) 0.80 (13) 0.87 (21) 0.77 (11) 0.59 (11)

BCC-ESM1 66.60 (30) 0.56 (30) 0.65 (32) 0.77 (32) 0.67 (30) 0.09 (31)
CAMS-CSM1-0 51.70 (14) 0.73 (14) 0.82 (12) 0.90 (10) 0.73 (19) 0.59 (12)

CanESM5 58.70 (26) 0.66 (26) 0.75 (25) 0.83 (28) 0.72 (23) 0.25 (28)
CanESM5-CanOE 58.20 (24) 0.66 (24) 0.76 (22) 0.83 (29) 0.72 (21) 0.29 (26)

CAS-ESM2-0 57.70 (23) 0.67 (23) 0.77 (20) 0.91 (8) 0.71 (25) 0.42 (20)
CESM2-WACCM 57.40 (21) 0.67 (21) 0.75 (26) 0.91 (5) 0.71 (24) 0.43 (19)

CMCC-ESM2 55.60 (19) 0.69 (19) 0.78 (17) 0.89 (13) 0.73 (17) 0.50 (17)
CNRM-CM6-1 41.70 (3) 0.83 (3) 0.87 (3) 0.91 (4) 0.80 (3) 0.91 (3)
CNRM-ESM2-1 44.40 (7) 0.80 (7) 0.86 (4) 0.91 (7) 0.78 (7) 0.81 (5)
FGOALS-F3-L 47.80 (9) 0.77 (9) 0.74 (27) 0.89 (14) 0.76 (12) 0.58 (15)

FIO-ESM2 59.20 (27) 0.65 (27) 0.77 (21) 0.90 (9) 0.70 (28) 0.34 (23)
GFDL-ESM4 42.40 (4) 0.82 (4) 0.89 (1) 0.94 (1) 0.80 (4) 0.92 (2)
GISS-E2-1-G 46.90 (8) 0.78 (8) 0.78 (15) 0.89 (15) 0.77 (10) 0.67 (10)
GISS-E2-2-G 73.60 (31) 0.46 (31) 0.72 (29) 0.88 (17) 0.61 (32) 0.18 (29)

HadGEM-GC31-LL 48.00 (11) 0.77 (11) 0.84 (6) 0.88 (16) 0.77 (9) 0.69 (8)
IITM-ESM 57.10 (20) 0.67 (20) 0.83 (10) 0.84 (26) 0.73 (18) 0.45 (18)

INM-CM5-0 62.90 (29) 0.60 (29) 0.68 (31) 0.83 (30) 0.70 (26) 0.15 (30)
IPSL-CM6A 44.30 (6) 0.80 (6) 0.84 (7) 0.90 (11) 0.79 (6) 0.79 (6)

IPSL-CM6A-INCA 44.10 (5) 0.81 (5) 0.83 (9) 0.90 (12) 0.79 (5) 0.79 (7)
KACE-1-0-G 51.70 (13) 0.73 (13) 0.78 (18) 0.87 (22) 0.75 (13) 0.54 (16)
KIOST-ESM 60.00 (28) 0.64 (28) 0.78 (16) 0.88 (19) 0.69 (29) 0.29 (27)

MCM-UA-1-0 76.00 (32) 0.42 (32) 0.51 (34) 0.69 (34) 0.59 (33) 0.03 (34)
MIROC6 90.90 (34) 0.17 (34) 0.68 (30) 0.80 (31) 0.58 (34) 0.04 (32)

MIROC-ES2L 78.60 (33) 0.38 (33) 0.61 (33) 0.71 (33) 0.64 (31) 0.04 (33)
MPI-ESM1-2-HAM 58.60 (25) 0.66 (25) 0.79 (14) 0.85 (24) 0.70 (27) 0.32 (25)

MPI-ESM1-2-HR 41.00 (2) 0.83 (2) 0.88 (2) 0.92 (3) 0.82 (1) 0.94 (1)
MPI-ESM1-2-LR 54.20 (17) 0.71 (17) 0.76 (24) 0.85 (25) 0.74 (16) 0.42 (21)

MRI-ESM2-0 40.20 (1) 0.84 (1) 0.83 (11) 0.92 (2) 0.81 (2) 0.90 (4)
NESM3 55.50 (18) 0.69 (18) 0.76 (23) 0.83 (27) 0.72 (22) 0.36 (22)

NorESM2-MM 52.90 (15) 0.72 (15) 0.77 (19) 0.91 (6) 0.74 (15) 0.59 (13)
UKES-M1-1-LL 47.90 (10) 0.77 (10) 0.83 (8) 0.88 (18) 0.78 (8) 0.68 (9)

Regarding the GOF metrics, both NRMSE and NSE offer identical rankings. They
appear to be the ones that show the greatest range of variability among models, as they
oscillate, from worst to best GCM, between 90.9 and 40.2 for NRMSE (%) and between 0.17
and 0.84 for NSE. It is noteworthy that NSE does not exhibit negative values, ensuring that
no GCM presents an aberrant temperature simulation. Conversely, CC seems to provide
the least information, as its interquartile range of values ranges from 0.85 to 0.89, with only
three models below 0.8. It could be attributed to the data distribution of the GCMs and to
the intrinsic characteristic of the metric. It could be hypothesized that in coarse-resolution
models, the inner variance is small and therefore the difference between the simulated
value of a pixel and the mean value is minimal. In these particular cases, metrics like
CC virtually measure the observed variance of the data distribution, resulting in similar
CC values for almost all models. On the other hand, metrics such as NRMSE or NSE
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compare (subtract) the simulated and observed data distributions, yielding results with
a wider range of values. Moreover, models with a high correlation with the reanalyzed
temperature can be identified, but their data distribution, according to the other metrics,
is significantly distant from the reanalyzed data. For instance, CESM2-WACCM exhibits
a correlation with ERA5 Land exceeding 0.9, ranking 5th for this metric, yet occupying a
position below 20th for the rest of the metrics. CAS-ESM2-0, FIO-ESM2, or NorESM2-MM
present a similar problem.

Concerning the models, none repeat the same ranking position for the five analyzed
metrics. Models from the CNRM family and MIROC-ES2L exhibit the most repetitions:
CNRM-CM6-1 ranks 3rd on four occasions, CNRM-ESM2-1 occupies the 7th position on
four occasions, and MIROC-ES2L is placed 33rd on four occasions. GFDL-ESM4 (4th),
MPI-ESM1-2-HR (2nd), MIROC6 (34th), BCC-ESM1 (30th), and IPSL-CM6A (6th) also show
consistency in their results and repeat their ranking position at least three times without
significant fluctuations or performance losses.

Lastly, regarding the CRI value, the top five models demonstrating overall superior
performance, from highest to lowest, are MPI-ESM1-2-HR, GFDL-ESM4, CNRM-CM6-1,
MRI-ESM2-0, and CNRM-ESM2-1. Models from the IPSL and Hadley families, along with
GISS-E2-1-G, complete the top 10.

3.3. Geospatial Performance Analysis

The aforementioned pixel-by-pixel comparison of model performance, which reveals
the geospatial component of this variable, is the main advantage of the developed method.
In other words, it allows for the identification of areas where GCM-simulated temperatures
are close to those reanalyzed by ERA5 Land, as well as areas where this simulation capacity
decreases drastically. To our knowledge, our study is the first to propose a geospatial
context for the CRI value, which has previously only been used to rank models based on
their overall performance across multiple metrics.

Figure 5 confirms that models do not behave uniformly across the Euro-Med region.
The MPI-ESM1-2-HR, which proved to be the most competent, shows areas of decreasing
temperature simulation, such as the central regions of Spain and France or the Black Sea
coast (Eastern Romania and Bulgaria). Conversely, it is the best at simulating temperatures
in high altitude areas, which is remarkable in such a rugged region. Its CRI values are equal
to or close to 1 in the Alps, the Dinaric Alps, and the entire Turkish plateau, and very high
(0.8–1.0) in the Apennines (Italy) or the Sierra Nevada (Spain). Interestingly, the two models
in the CNRM family show similar patterns, although both have deeper dips in performance,
particularly the CNRM-ESM2-1, whose CRI values range from 0.15 to 0.40 in Northwest
France and the Black Sea Coast. The GFDL-ESM4 and MRI-ESM2-0 models appear to be
much more regular among those with competent simulations, as they do not show areas
where the simulation drops drastically. The use of GFDL-ESM4 appears to be preferable
in Northwest and Southeast Spain and Northern Turkey, while MRI-ESM2-0 appears to
simulate exceptionally well along the entire Adriatic and Black Sea coasts, precisely where
other better-ranked models fail miserably.

Other models showing poorer overall performance but whose use may be locally
justified include: (i) HadGEM-GC31-LL in Northwestern France, (ii) GISS-E2-1-G on the
coast of the Black Sea (and in Northwestern France), (iii) UKES-M1-1-LL in the Aegean Sea,
and (iv) IPSL models in Central Europe. Regarding the latter, especially in the case of IPSL
that does not include the atmospheric chemistry/aerosol microphysics model (INCA), it
should be noted that they competently model the Atlantic/temperate zones of the study
area but seem to lose capacity in the large Mediterranean/subtropical zones such as the
Iberian Peninsula, Italy, Greece, or Eastern Turkey.

Finally, among the models that simulate the temperature in the Euro-Mediterranean
region poorly, MCM-UA-1-0, MIROC-ES2L and MIROC6 are clearly the worst performers,
with CRI values below 0.25 in almost all points of the region. BCC-ESM1, GISS-E2-2G,
INM-CM5-0, NESM3, or the MPI version with the Hamburg Aerosol Model (HAM) also
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show a globalized low CRI value. However, our analysis corroborates that even these
GCMs can have local simulation peaks in certain areas. For instance, BCC-ESM1 correctly
reproduces temperatures in Eastern Romania, MPI-ESM1-2-HAM in the Bulgarian Balkans,
and INM-CM5 in Hungary and Northern Serbia. Therefore, even GCMs that are considered
“disposable” due to their poor overall performance can be used in certain sub-regions as
viable alternatives to models with better overall simulation, or as entities to be included in
a Multi-Model Ensemble to improve the capture of existing climate variability.
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3.4. Multi-Model Ensemble
3.4.1. Determining Ensemble Members

Figure 6 illustrates the correlation and explained variance as a function of the number
of additional models added, in strict order of the ranking obtained in Table 2, to the Multi-
Model Ensemble (MME). It is evident that with an increasing number of added GCMs,
the ensemble value becomes closer to the value of ERA5 Land, resulting in an increase
in both correlation and explained variance. With just one GCM (MPI-ESM1-2-HR), the
correlation already exceeds 0.9, and the explained variance is greater than 0.8. With three
GCMs (MPI-ESM1-2-HR + CNRM-CM6-1 + GFDL-ESM4) the variance explained is greater
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than 0.9 and the correlation value rises to 0.96. Although at three GCMs the MME has
already improved considerably, a slight but constant increase is observed until the value of
six GCMs is reached (0.97 in correlation and 0.93 of explained variance). From this value
onwards, neither the correlation nor the explained variance improves significantly. Hence,
the number of GCMs considered for MME is six GCMs: MPI-ESM1-2-HR, CNRM-CM6-1,
GFDL-ESM4, CNRM-ESM2-1, MRI-ESM2-0, and IPSL-CM6A-LR.
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Figure 6. Correlation (black) and variance explained (blue) as a function of the number of models
added to Multi-Model Ensemble. The red dotted line indicates the number of GCMs at which both
values stabilize.

3.4.2. Simple Averages vs. Random Forest Multi-Model Ensemble

Figure 7 shows how the Random Forest Multi-Model Ensemble (RFE) exhibits signifi-
cantly improved accuracy in capturing temperature patterns of ERA5 Land on an annual
basis, but for a slight overestimation tendency in the southern half of the Iberian Peninsula,
the coast of Sardinia, Italy, Southern Turkey, and Cyprus. Having said that, RFE accurately
depict the temperatures in the higher foothills of the study area, especially in the Alps,
the Carpathians, and the Armenian System. Conversely, Simple Averages Multi-Model
Ensemble (SAE), clearly attenuates the contrasts between the coldest and warmest regions,
resulting in the loss of extreme values. The RFE superiority in reproducing the observed
(reanalyzed) temperature can also be observed at the monthly scale. In this regard, Figure 8
demonstrates that a proper simulation of monthly temperature can be achieved through
an annual-scale evaluation of the GCMs that perform best for a specific study area. It can
be observed that the RFE not only captures the temperature range of ERA5 Land perfectly
for each month but also reproduces an almost identical distribution and provides appro-
priate detection of extreme values (whiskers of the diagram). In contrast, the SAE tends
to overestimate central values and shows a significant inability to capture extreme values.
Particularly, it is less effective in detecting the lowest temperatures of each month, as clearly
observed during the months of December, April, May, June, September, and October.
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Finally, Figure 9 illustrates the correlation between the percentage importance assigned
by the regression method used in the RFE and the CRI value obtained in the ranking
(Table 2). Although a positive correlation detected between these variables (Rho = 0.23), it
is not statistically significant (p > 0.05). Thus, it is observed that when performing an RFE
with the total pool of analyzed GCMs, the regression method automatically discards several
of them (GISS-E2-1-G, MPI-ESM1-2-LR, NESM3, etc.) by assigning them 0% importance.
However, it also includes, although with little overall importance, models considered as
“poor performers” (BCC-ESM1, MIROC6, and MIRPC-ES2L). At the same time, it discards
“good performers” (IPSL models, HadGEM-GC31-LL, and UKES-M1-1-LL). In conclusion,
we could argue that the majority of the assigned importance is distributed among three of
the GCMs that performed best in the ranking: GFDL-ESM4 (14%), MRI-ESM2-0 (6%), and
MPI-ESM1-2-HR (3%).

3.5. Future Temperature Projections

In this section, future projections regarding mean seasonal and annual temperature
in the Euro-Med region for the short-term (2026–2050), medium-term (2051–2075), and
long-term (2076–2100) periods, based on different emission scenarios (SSP1-RCP2.6, SSP2-
RCP4.5, and SSP5-RCP8.5), will be established using the previously developed MME. The
projections obtained in this study will be contextualized according to the predictions of the
IPCC at both global and regional (Euro-Med) scales. The confidence intervals provided
by the IPCC were obtained from the Interactive Atlas developed by the Working Group
I for AR6 [103], and they are documented in Table A1 of Appendix A. The percentage of
territory whose expected warming falls within the IPCC interval for each scenario and time
window is presented in Table A2 of Appendix A.
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Figure 9. Correlation between CRI value and the percentual importance value assigned by the
Random Forest regression method.

Figure 10 shows the seasonal results in the most optimistic scenario: SSP1-RCP2.6
(sustainability or “green road”). As observed, significant differences exist between the
outcomes obtained in our study and those predicted by the IPCC at a global or regional
scale. The percentage of study area whose increments align with these predictions is lower
in winter and spring. In winter, only 20.4% of the study area falls within the interval
expected by the IPCC in the short term, a value that expands to 33.4% in the long term.
Overall, there is a more significant warming than expected by the IPCC. The areas where
this detected warming is most intense (more than 2 ◦C with respect to the reference interval)
correspond to those regions of higher elevation in the Euro-Mediterranean region, as well as
the Mediterranean archipelagos. In the Central European plateau, the expected increase is
also higher (0–+1 ◦C) than the global and regional average of the IPCC. In the case of spring,
the agreement shown with respect to official predictions is even lower, as it stands at 17.9%
in the short term and only increases to 22.8% in the long term. However, in this case, the
official projections suggest that the warming will be much greater than that detected in this
study, as most of the study area shows an increase between 0 and 2 ◦C lower than predicted
by the IPCC. The Iberian plateau, the entire France, the Po basin (Italy), and large areas of
Central Turkey are the main points where this pattern is detected. However, the elevated
mountain systems continue to warm more than expected. The wide ranges offered by the
IPCC for summer and autumn mean that much of the territory falls within them. In the
long term, the agreement is over 51.4% in summer and 39.9% in autumn. In both seasons,
except for the aforementioned areas, which are resistant to warming in any season and time
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period, the pattern indicates a warming greater than expected. Particularly noteworthy, in
the case of summer, is that much of the Northwestern French territory expects a warming
between 0 and 1 ◦C higher than expected by the IPCC.
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Figure 10. Seasonal temperature anomalies in Mediterranean Europe in the short (2026–2050),
medium (2051–2075) and long (2076–2100) term under the SSP1-RCP2.6 emission scenario. Anomalies
were established with respect to IPCC predictions globally and for the European Mediterranean
region (MED).

Figure 11 depicts the results obtained for the intermediate emission scenario: SSP2-
RCP4.5 (“middle of the road”). The patterns and trends are very similar to those discussed
in the previous scenario. In winter, however, it is observed that in the short term, most
of the region warms more than predicted by the IPCC (concordance of 14.3%). These
areas of increase not exceeding 1 ◦C with respect to the official projections extend to the
Portuguese Coast and much of France and Central Europe. However, this pattern seems
to reverse over time, as in the long term, the concordance is close to 20%, but due to a
reluctance to warm up as much as the IPCC prediction expects (1.8–3.1 ◦C between the
global and regional predictions). However, much of France is close to these values, with an
approximate average anomaly of +1.6 ◦C. In the other seasons, no different patterns are
observed compared to those discussed for the pessimistic scenario, although it should be
noted that, in the long term, the concordance for summer and autumn is 64.4% and 60.3%,
respectively, with respect to the established interval.

Figure 12 presents the results for the pessimistic scenario: SSP5-RCP8.5 (fossil-fuel
development or “highway”). Regarding winter, although in the short and medium term
the results are similar to those of less pessimistic scenarios, in the long term, it is observed
that only a small part of the Mediterranean region will warm as much as expected by the
IPCC. The concordance obtained with this interval is 5.2%. Although most of the anomalies
detected are positive, they do not reach the +4.1 ◦C increase, the lower limit of the reference
interval. In this regard, we can classify the IPCC projections as more pessimistic than those
obtained through our methodical application of a regional assessment with downscaling.
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Regarding summer and autumn, there is a noticeable accelerated increase in both cases
in the medium term. In the case of summer, the Adriatic coast and much of Eastern
Europe will warm by 2 ◦C above expectations, while other areas of Central Europe or
the northwest half of France will warm by over 1 ◦C compared to the reference. This is
particularly concerning because the upper reference limits for summer and autumn are
+3.4 ◦C and over +3.0 ◦C, respectively, meaning that much of the region could experience
increases exceeding +5.0 ◦C in seasonal average temperature anomalies from the mid-
century onwards. In the long term, however, the consequent increase in the upper reference
limit to +6.9 ◦C (summer) and +6.2 ◦C (autumn) results in a 71.9% concordance for both
seasons. However, the Central–Eastern European region continues to experience intense
summer overheating.
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Figure 11. Seasonal temperature anomalies in Mediterranean Europe in the short (2026–2050),
medium (2051–2075), and long (2076–2100) term under the SSP2-RCP4.5 emission scenario. Anomalies
were established with respect to IPCC predictions globally and for the European Mediterranean
region (MED).

Finally, Figure 13 shows the analysis of annual temperature anomalies for the three
emission scenarios in the short, medium, and long term. In the long term, the agreement
with the IPCC percentages is quite high for all three scenarios: 60.2%, 52.6%, and 66.4%
for the optimistic, intermediate, and pessimistic scenarios, respectively. The intermediate
scenario SSP2-RCP4.5 shows the greatest discordance with the results obtained in this
study. In the medium-to-long term, except for the Iberian Peninsula, Italy, and Central–
Eastern Europe, as well as in the higher mountain systems where the detected anomaly
is positive, temperature increases are rarely as significant as those predicted by the IPCC.
The agreement is also low (32.9%) for the SSP5-RCP8.5 scenario in the medium term, likely
influenced by the strong increase in summer mean temperatures detected. In this case, areas
with an increase exceeding 2 ◦C compared to the reference could face a further increase
of +4.7 ◦C in annual mean temperatures from mid-century onwards, which would rise to
4.9–5.8 ◦C by the end of the century.
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were established with respect to IPCC predictions globally and for the European Mediterranean
region (MED).
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Figure 13. Annual temperature anomalies in the Euro-Med in the short (2026–2050), medium (2051–
2075) and long (2076–2100) term under the three emission scenarios (SSP1-RCP2.6, SSP2-RCP4.5, and
SSP5-RCP8.5). Anomalies were established with respect to IPCC predictions globally and for the
European Mediterranean region (MED).
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In conclusion, the results analyzed indicate a clear warming signal in the Euro-Med
region. However, the detailed assessment based on downscaling and ranking of models
that perform best for the study area reveals certain local differences that diverge, in some
cases, greatly from the global and regional predictions established by the IPCC.

4. Discussion
4.1. Downscaling of GCMs Temperature Data

Empirical Bayesian Kriging (EBK) has clearly yielded the best results and introduces
the least modifications between raw and interpolated data. The superiority of this method
over other interpolation methods has been highlighted in numerous instances in current
scientific literature [104–106]. This may be attributed to its less restrictive assumptions
regarding data distribution [107]. Bilinear interpolation (BI), although the most commonly
used method for downscaling GCMs [32,35,52,56,87], did not yield positive results in
our evaluation. This may be because, being a deterministic method, it applies uniformly
across all regions of the territory, which may work against it in rugged areas such as
the Euro-Med. The use of Inverse Distance Weighting (IDW), another deterministic and
simple method, appears preferable, despite overestimation and unfavorable previous
results [108,109], at least in the case of temperature in mountainous regions, in the absence
of complex geostatistical methods like EBK. Regarding deficiencies in the interpolation of
certain GCMs, a clear reason has not been identified. The native resolution of the models
could be a possible cause. The internal structure and distribution of the data are more
feasible possibilities, as they would explain why models of the same family manifest
comparable errors.

Our study underscores the imperative for a thorough and meticulous examination of
interpolation techniques that minimize errors when downscaling GCMs. Systematically
defaulting to bilinear interpolation may substantially distort the values furnished by GCMs.

4.2. Ranking, Assessment and Ensemble of GCMs

In relation to the goodness-of-fit (GOF) metrics employed, it is noteworthy that both
the low variability in the correlation coefficient values and the relative inconsistency shown
in the rankings obtained for each measure were detected in several previous studies
worldwide [53,61,110,111].

Regarding the GCMs, MPI-ESM1-2-HR (1st) was classified as the best overall per-
former in our study. Its predecessors (e.g., ECHAM4 and ECHAM5) were highlighted for
their superior simulation of climatic variables in Europe, especially along the French coast
and the northwest of the Iberian Peninsula [112]. Studies conducted in Southern Italy (Cal-
abria and Sicily) or in Turkey also underscore this accurate temperature modeling [59,60].
Precisely in Southern Italy, the CRI detected in our study exceeds 0.85. However, only the
high-resolution (HR) version exhibits such efficacy, as the medium–low-resolution versions
(LR and HAM) rank 21st and 25th, respectively. The improvement of the Max Planck family
models with increased resolution has been noted in other studies [40,60]. Additionally,
studies that do not incorporate this high-resolution version do not highlight MPI or its
derivatives as good simulators [58,113].

The MRI-ESM2-0 (fourth) is another model highlighted in our study. However, it is a
controversial model since its previous versions were considered incapable of simulating
European climate patterns [114]. Recent studies, however, place the CMIP6 version of MRI
as one of the best performers in the Mediterranean [60,115]. Regarding other models that
have demonstrated great simulation in our analysis, CNRM models (third and fifth) had
already shown their superiority over IPSL models (sixth and seventh) ([40]), despite the
significant improvement evidenced by the latter compared to their CMIP5 versions [41].
Some studies highlight IPSL models as good predictors of future extreme temperature
scenarios in Southern Spain [58] or in simulating temperature in Italy [59]. On the other
hand, Regional Circulation Models (RCMs) based on CNRM models had already been
highlighted for their good simulation in Mediterranean locations such as the Segura River
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Basin (Spain) [113], Turkey [60], and Southern Italy [59]. Specifically, in the latter, the
CRI detected by our work for the CNRM-ESM2-1 model exceeds 0.9, with CNRM-CM6-1
showing similar values. Some of these studies also highlight RCMs based on the EC-Earth
model, which were not evaluated in our study due to sharing the same climatic component
as ERA5 Land [40].

It is noteworthy that, despite the intermediate performance detected in our study,
the Hadley Centre models (HadGEM-GC31-LL, eighth; UKES-M1-1-LL, ninth) or their
predecessors have been recommended in numerous studies for their excellent simulation of
atmospheric circulation and climate types in Europe [40,60,114,116–118]. Some studies even
suggest that they outperform ECHAM/MPI models in some territories, such as the Catalan–
Provençal coast, the Balkans, or Central Europe [112], a fact not observed in light of our
results. However, many of these studies highlight their good reproduction of precipitation,
focusing less on the accurate simulation of temperature detected in our research.

Some research has also pointed towards the good temperature simulation of the
ACCESS1-0 model in the south of the Iberian Peninsula [58]. In our study, the performance
of ACCESS-CM2 (14th) on the Southern and Eastern Spanish Coast is noteworthy (Figure 8),
which is consistent with these previous results. The NorESM2-MM (13th) and FGOALS-f3-L
(15th) models were not highlighted in our study. However, they show good performance
in the south and east of Turkey, a fact highlighted in more local studies [60,61].

Regarding GCMs with poor performance, the MIROC models (32nd and 33rd) are
unfortunately the most prominent in this regard. Studies using their previous versions had
highlighted them as good predictors in the North Atlantic [114]. However, this study cor-
rected Sea Level Pressure values before evaluating the models, whereas it is now considered
that correcting GCM errors should never be performed before evaluation [87,119]. Recent
studies implicitly discourage the use of MIROC models in the European region [118]. Their
poor performance in the Eastern Mediterranean has also been previously detected [60]. On
the other hand, the BCC models, especially the low-resolution version (BCC-ESM1) (31st),
are also among the poor performers. Their poor performance had already been detected in
other Mediterranean locations [58].

It is also noteworthy that none of the versions of the models that include aerosol
sub-models (MPI-ESM1-2-HAM [71]), atmospheric chemistry (IPSL-CM6A-INCA [120]), or
ocean circulation (CanESM5-CanOE [70]) perform better than the same versions that do
not include these “improvements”.

Finally, regarding the Multi-Model Ensemble (MME), it is imperative to underscore the
recognized superiority of the Random Forest Multi-Model Ensemble (RFE) over the Simple
Averages method (SAE), as well as over Bayesian or machine learning-based approaches,
as delineated in prior scholarly investigations ([100,111,121,122]). Furthermore, it merits
mention that our study opted for a cohort of six models, a choice aligned with the guidance
provided by antecedent research [111]. Nevertheless, the determination of an optimal
ensemble size remains a subject of contention within the scientific discourse. While some
scholars advocate for the adequacy of a mere three GCMs [123], others contend that a
minimum of 25 GCMs is requisite to attain minimal error reduction [98]. It is pertinent to
highlight that, in our study, even with two or three GCMs, the correlation and explained
variance were deemed satisfactory (>0.9) (Figure 6). The proficient replication of temper-
ature patterns across both annual and monthly timescales by our RFE underscores that
exhaustive minimization of error may not be imperative; rather, identifying a suitable local
minimum suffices. Additionally, it elucidates the intrinsic linkage between performance
at extended temporal scales (annual) and shorter ones (monthly), a conjecture previously
posited [62]. Thus, the execution of assessments and ensembles at protracted scales emerges
as a pragmatic approach, entailing reduced computational demand and greater expediency
under specific circumstances.
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4.3. The Sizzling Future of the Euro-Med

Our study highlights certain deviations between the predictions made by the IPCC and
those obtained through optimal downscaling, GCM evaluation, and subsequent elimination
of inaccurate models (Figures 10–13). Despite the scientific consensus on global warming,
criticism and skepticism regarding the models or scenarios employed by the IPCC have
continued to grow [124,125]. Some suggest that emission pathways may be exaggerated and
divergent from detected realities [126], while other studies indicate that certain temperature-
related variables may be underestimated [127,128]. However, studies comparing the CMIP6
scenarios developed for this latest IPCC assessment report (AR6) or for previous reports
(AR4, AR5, etc.) conclude that there are no substantial differences between observed and
projected or expected data [37,125,129]. In fact, many suggest that, if any, we would be
dealing with a “cold bias”, meaning that any errors in projections would result in expecting
slightly less warming than observed [125,129]. It is worth noting that, in our research, the
optimal selection of GCMs implies that, in the long term, for winter and spring, anomalies
are much lower than those expected by the IPCC. Recent studies conducted in Europe
support our findings in this regard, as they show that, in spring, the season in which we
have detected the most disagreement with the IPCC projections, the reanalyzed mean
temperature (and mean maximum temperature) would have been much lower than those
observed by the models [130]. Therefore, it could be deduced that the IPCC predictions have
been conservative, at least until 2020, and scenarios presuming higher levels of greenhouse
gas emissions would be more realistic [125]. Our research also suggests that, at least for
summer and autumn, the agreement with IPCC predictions is significantly higher in the
most pessimistic scenario (SSP5-RCP8.5). Thus, the selection of GCMs that simulate current
temperatures at a regional scale with high efficiency (and elimination of less efficient ones)
and their subsequent ensemble and projection indicate that the most plausible scenario is
the most pessimistic, at least in some specific temporal windows and seasons of the year.

In addition to the “cold bias” referred to in the literature and detected in our research,
a significant portion of summer, autumn, and short-to-medium-term scenarios for winter
exhibit a “warm bias”, meaning a warming greater than expected by the IPCC. Studies
that have conducted restricted Multi-Model Ensembles (CMMEs) by eliminating outlier
models have concluded that results diverge considerably from expectations using large
MME packages, the method followed by the IPCC [131,132]. Some of these studies have
detected a slight tendency of MMEs to underestimate (0.2–0.4 ◦C) temperature projections
compared to CMMEs [131]. Furthermore, it has been found that the higher regions of
Europe, primarily the Alps, have shown, especially in summer, a reanalyzed temperature
much higher (+3 ◦C) than simulated by the GCMs for the historical period of CMIP6 [130].
It is expected that this “warm bias” will persist in future projections. Therefore, the
elimination of less operative GCMs for our study region could reveal a trend towards more
significant warming than detected by the IPCC in certain temporal windows, seasons, and
areas of the European Mediterranean.

The rates of temperature change detected in the past decades in numerous trend stud-
ies carried out in the European Mediterranean Basin are congruent with the expectations of
the IPCC and with the anomalies detected in our research [133–140]. The rates of increase
per decade are regionally variable: 0.4 ◦C in Sicily [134], up to 0.5 ◦C in Spain [136] or Cen-
tral Europe [137] and even 1 ◦C in Greece [139] or part of Italy [138]. An increase in mean
minimum temperatures of up to +0.04 ◦C per year across the entire Mediterranean region
has also been noticed [140]. This escalation could account for the significant variance ob-
served between our projections and those of the IPCC for the winter season and for elevated
regions of the territory, where minimum temperatures tend to be lower. However, several of
these studies highlight spring as one of the seasons where a more pronounced temperature
change has been observed [133,136,137,139]. Conversely, these studies observe few changes
in autumn. Although trend studies contradict the seasonal results obtained in our research,
other studies based on future projections seem to ratify them [46,141–144]. Similarly, both
the magnitude of the observed changes and the areas suffering the most severe impacts are
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consistent with previous studies [46,67,145–147]. A full ensemble (34 CMIP6 GCMs) was
used to observe, in a pessimistic scenario, end-of-century summertime increases above 8 ◦C
in the interior of the Iberian Peninsula, the Balkans and Central Turkey [46]. With CMIP5
GCMs lower changes for this season (6.5–7 ◦C) was noticed, although they agree that
continental areas will be more affected [67]. A change in winter temperature with an order
of magnitude of up to 5 ◦C in the long term in Eastern Europe and not so in the west is also
noted, also with a strong increase in the Alps that is apparent in our study [46,67]. Even
summer increases of up to 9 ◦C at the Serbia–Bulgaria–Romania border were reported [147],
somewhat higher than those given in the present study, using the long-term A2 scenario.
As could not be otherwise, studies agree that the greater the radiative forcing experienced,
the greater the increase in temperature [130].

Last but not least, it is important to dedicate a brief paragraph to the causes (the
drivers) of this amplified warming signal in the Euro-Med. Drivers of temperature increase
in the Mediterranean Basin are well-studied [148,149]. The majority of the amplification
can be attributed to the thermodynamic plus lapse-rate and to the meridional change, as 3D
change and high-frequency circulation change have minor effects [147]. Also, large-scale
upper tropospheric warming and weakened lapse-rate change has to happen in order to
explain the summertime temperature increases [150].

Despite the existence of models or predictions that may not fully align with reality, the
adoption of early policy measures to mitigate or adapt to the escalating global warming is
of paramount importance [151]. Maintaining our emissions within an optimistic radiative
forcing scenario (RCP2.6) can have significant impacts globally, such as controlling polar
ice cap melting [152], and regionally, by considerably mitigating heatwaves, which in 2022
resulted in the deaths of over 60,000 European citizens [153].

5. Conclusions

In this study, we conducted a downscaling (to 0.1◦) of GCMs’ mean annual temper-
atures over a particularly vulnerable region, the European Mediterranean (Euro-Med),
utilizing Empirical Bayesian Kriging (EBK). Subsequently, we evaluated the performance
of each General Circulation Model (GCM) by measuring how much its simulated values
deviated from the reanalyzed values by ERA5 Land. The top six GCMs, a number max-
imizing correlation and explained variance, were selected for a Multi-Model Ensemble
(MME) using Random Forest (RFE). Lastly, future projections were made for three emission
scenarios, namely optimistic (SSP1-RCP2.6), intermediate (SSP2-RCP4.5), and pessimistic
(SSP5-RCP8.5), and for three temporal windows: short-term future (2026–2050), medium
(2051–2075), and long term (2076–2100). These projections were compared with those
predicted by the IPCC at global and regional levels. Through the application of this method,
the following conclusions were drawn:

• Empirical Bayesian Kriging (EBK) stands out as the least data-modifying approach for
downscaling GCMs and aligning them with ERA5 Land resolution (0.1◦). Its Mean
Error (ME) is close to 0 ◦C, while its Root Mean Square Error (RMSE) is less than 0.5 ◦C.
Moreover, its performance is notable across all models and does not exhibit significant
errors in specific areas of the study region, even performing well in mountainous
regions. Other Kriging methods, particularly Cokriging, yield discouraging results.
Bilinear interpolation (BI), the most commonly used GCM downscaling method to
date, tends to underestimate temperatures significantly; thus, we do not recommend
its use for these purposes.

• MPI-ESM1-2-HR, GFDL-ESM4, CNRM-CM6-1, MRI-ESM2-0, CNRM-ESM2-1, and
IPSL-CM6A-LR are the top six GCMs regarding annual temperature simulation in the
Euro-Med region across all five metrics used in the assessment. On the other hand,
the MCM-UA-1-0 model and the MIROC models demonstrate poor simulation and
should not be used in this region of the globe.

• Significant geospatial differences exist in the performance of GCMs across the Euro-
Med region. MPI-ESM1-2-HR performs better in elevated regions such as the Alps,
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Sierra Nevada, and Carpathian Mountains but fails in the Central Iberian and French
areas. GFDL-ESM4 and MRI-ESM2-0 demonstrate more consistent performance across
the region. The CNRM models excel in simulating the Cantabrian coast and Greece
but fall short in the northwestern half of France. Models from the Hadley Center
and FGOALS-f3-L perform well in simulating the Northwestern Iberian and French
regions. The MIROC, MCM-UA-1-0, GISS-E2-2-G, and BCC-ESM1 models exhibit
mean performance values below 0.25 in any area.

• The optimal number of GCMs for ensemble was determined to be six, maximizing the
correlation (0.97) and explained variance (0.93). The Random Forest Ensemble (RFE)
method effectively replicates the interannual temperature variability. Additionally,
it positively correlates with the ranking value assigned to each GCM (rho = 0.23),
although it overestimates the relevance of models with high correlation with the
reanalyzed temperature, such as the GFDL-ESM4.

• Significant differences arise between the projections made using the method applied
in our research and the IPCC projections at both the global and regional scales. Winter
temperatures in the medium-to-long term, particularly in spring, warm up between
1 and more than 2 ◦C less than what the IPCC expects for any emission scenario.
On the other hand, winter temperatures in the short term and summer and autumn
temperatures in the short-to-medium term warm up between 1 and more than 2 ◦C
more than expected. The warming is especially found in the higher-elevation regions
of the study area and in the Mediterranean islands, where temperatures increase by
more than 2 ◦C compared to the official predictions in all scenarios. In the long term,
the projections for summer and autumn in our research show broad agreement with
the IPCC confidence interval, exceeding 70% in the pessimistic scenario (SSP5-RCP8.5).

Finally, it is important to highlight that reducing the existing uncertainty in tem-
perature projections at a regional scale is crucial for addressing the adaptive challenges
posed by climate change [154], especially in regions as climatically vulnerable as the Eu-
ropean Mediterranean region. Adopting appropriate adaptive policies to cope with the
consequences of climate change requires an analysis that addresses critical aspects in the
modeling chain: downscaling, model selection, and selection of future scenarios [151]. We
believe that the method and results of our study can support subsequent research, help
establish policy measures that address the challenge of global warming from a holistic
perspective, and provide information to territorial planners and environmental conser-
vation organizations to continue their efforts to raise awareness about the importance of
mitigation and adaptation to Anthropocene climate change.
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Appendix A

Table A1. Ranges of annual and seasonal temperature increase expected by the IPCC at the global
level (GL) and for the Euro-Med (MED) region under different emission scenarios (SSP1-RCP2.5,
SSP2-RCP4.5, and SSP5-RCP8.5) in the short (2026–2050), medium (2051–2075), and long (2016–2100)
term. Information obtained from the IPCC WGI Interactive Atlas [103].

SSP1-RCP2.6 SSP2-RCP4.5 SSP5-RCP8.5

Short Medium Long Short Medium Long Short Medium Long

Annual
GL 0.8–1.2 1.0–2.6 0.9–2.6 0.8–1.2 1.2–1.7 1.8–2.6 0.9–1.2 1.6–2.2 3.3–4.9

MED 1.0–1.5 1.3–1.9 1.3–2.0 1.3–1.4 1.6–2.1 2.3–3.1 1.4–1.7 2.1–2.7 4.1–5.8

Winter
(DJF)

GL 0.8–1.2 1.0–1.6 1.0–1.7 0.8–1.1 1.3–1.8 1.9–2.7 0.9–1.3 1.6–2.3 3.5–5.1
MED 0.8–1.3 1.0–1.8 1.1–1.8 0.9–1.3 1.3–1.7 1.9–2.9 0.9–1.4 1.6–2.4 3.4–4.9

Spring
(MAM)

GL 0.7–1.1 0.9–1.5 0.9–1.6 0.8–1.0 1.1–1.6 1.7–2.5 0.8–1.1 1.5–2.1 3.1–4.7
MED 0.8–1.3 1.1–1.8 1.2–1.9 1.0–1.4 1.4–1.9 2.0–2.8 0.9–1.6 1.7–2.5 3.7–5.0

Summer
(JJA)

GL 0.8–1.1 0.9–1.5 0.9–1.7 0.8–1.1 1.1–1.7 1.7–2.7 0.9–1.2 1.5–2.2 3.2–4.9
MED 1.3–1.9 1.6–2.4 1.6–2.4 1.4–1.8 1.9–2.7 3.0–3.9 1.5–2.6 2.7–3.4 5.3–6.9

Autumn
(SON)

GL 0.8–1.2 1.0–1.6 1.0–1.7 0.8–1.1 1.3–1.8 1.8–2.7 0.9–1.3 1.6–2.3 3.4–5.0
MED 1.1–1.6 1.3–2.0 1.3–2.0 1.1–1.6 1.6–2.3 2.3–3.5 1.2–1.8 2.2–3.0 4.3–6.2

Table A2. Percentage of agreement between the temperature anomalies identified in this study and
those predicted by the IPCC [103] for the three analyzed emission scenarios (SSP1-RCP2.5, SSP2-
RCP4.5, and SSP5-RCP8.5) and temporal periods (short, 2026–2050; medium, 2051–2075; and long,
2076–2100) at both annual and seasonal scales.

SSP1-RCP2.6 SSP2-RCP4.5 SSP5-RCP8.5

Short Medium Long Short Medium Long Short Medium Long

Annual 35.00 59.55 60.20 29.77 40.57 52.55 39.76 32.92 66.43

Winter (DJF) 20.44 33.22 33.29 14.33 21.40 20.40 20.02 28.11 5.26

Spring (MAM) 17.93 24.70 22.83 18.34 24.77 26.21 25.41 35.53 44.77

Summer (JJA) 30.56 48.19 51.04 31.24 46.74 64.42 57.49 39.36 71.92

Autumn (SON) 31.50 36.10 39.98 25.54 34.53 60.31 29.40 32.69 71.95
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144. Ozturk, T.; Ceber, Z.P.; Türkeş, M.; Kurnaz, M.L. Projections of Climate Change in the Mediterranean Basin by Using Downscaled

Global Climate Model Outputs. Int. J. Climatol. 2015, 35, 4276–4292. [CrossRef]
145. Bador, M.; Terray, L.; Boé, J.; Somot, S.; Alias, A.; Gibelin, A.L.; Dubuisson, B. Future Summer Mega-Heatwave and Record-

Breaking Temperatures in a Warmer France Climate. Environ. Res. Lett. 2017, 12, 074025. [CrossRef]
146. Gobiet, A.; Kotlarski, S.; Beniston, M.; Heinrich, G.; Rajczak, J.; Stoffel, M. 21st Century Climate Change in the European Alps—A

Review. Sci. Total Environ. 2014, 493, 1138–1151. [CrossRef] [PubMed]
147. Zittis, G.; Hadjinicolaou, P.; Fnais, M.; Lelieveld, J. Projected Changes in Heat Wave Characteristics in the Eastern Mediterranean

and the Middle East. Reg. Environ. Change 2016, 16, 1863–1876. [CrossRef]
148. Brogli, R.; Kröner, N.; Sørland, S.L.; Lüthi, D.; Schär, C. The Role of Hadley Circulation and Lapse-Rate Changes for the Future

European Summer Climate. J. Clim. 2019, 32, 385–404. [CrossRef]

https://doi.org/10.5194/hess-19-361-2015
https://doi.org/10.5194/acp-14-11031-2014
https://doi.org/10.1016/j.jhydrol.2018.10.054
https://doi.org/10.1002/joc.7813
https://doi.org/10.1007/s00704-017-2284-5
https://doi.org/10.1038/s41598-022-16264-6
https://www.ncbi.nlm.nih.gov/pubmed/35835803
https://doi.org/10.1088/1748-9326/abcdd2
https://doi.org/10.1016/j.oneear.2020.11.002
https://doi.org/10.1038/s43247-021-00094-x
https://doi.org/10.1016/j.scib.2022.02.004
https://www.ncbi.nlm.nih.gov/pubmed/36546251
https://doi.org/10.1007/s10584-021-03159-0
https://doi.org/10.1126/sciadv.abc0671
https://www.ncbi.nlm.nih.gov/pubmed/33523939
https://doi.org/10.1038/s41612-023-00410-6
https://doi.org/10.1016/j.atmosres.2017.08.007
https://doi.org/10.1002/joc.4593
https://doi.org/10.3354/cr01627
https://doi.org/10.1002/joc.4059
https://doi.org/10.1007/s00704-006-0289-6
https://doi.org/10.1016/j.atmosres.2019.104623
https://doi.org/10.1016/J.JASTP.2021.105713
https://doi.org/10.1007/s00382-018-4181-8
https://doi.org/10.1016/j.gloplacha.2007.09.005
https://doi.org/10.1007/s10113-018-1290-1
https://doi.org/10.1002/joc.4285
https://doi.org/10.1088/1748-9326/aa751c
https://doi.org/10.1016/j.scitotenv.2013.07.050
https://www.ncbi.nlm.nih.gov/pubmed/23953405
https://doi.org/10.1007/s10113-014-0753-2
https://doi.org/10.1175/jcli-d-18-0431.1


Remote Sens. 2024, 16, 1831 31 of 31

149. Tuel, A.; Eltahir, E.A.B. Why Is the Mediterranean a Climate Change Hot Spot? J. Clim. 2020, 33, 5829–5843. [CrossRef]
150. Brogli, R.; Lund Sørland, S.; Kröner, N.; Schär, C. Future Summer Warming Pattern under Climate Change Is Affected by

Lapse-Rate Changes. Weather Clim. Dyn. 2021, 2, 1093–1110. [CrossRef]
151. Noto, L.V.; Cipolla, G.; Pumo, D.; Francipane, A. Climate Change in the Mediterranean Basin (Part II): A Review of Challenges

and Uncertainties in Climate Change Modeling and Impact Analyses. Water Resour. Manag. 2023, 37, 2307–2323. [CrossRef]
152. Wang, X.; Fenech, A.; Farooque, A.A. Possibility of Stabilizing the Greenland Ice Sheet. Earth’s Future 2021, 9, e2021EF002152.

[CrossRef]
153. Ballester, J.; Quijal-Zamorano, M.; Méndez Turrubiates, R.F.; Pegenaute, F.; Herrmann, F.R.; Robine, J.M.; Basagaña, X.; Tonne, C.;

Antó, J.M.; Achebak, H. Heat-Related Mortality in Europe during the Summer of 2022. Nat. Med. 2023, 29, 1857–1866. [CrossRef]
154. Qasmi, S.; Ribes, A. Reducing Uncertainty in Local Temperature Projections. Sci. Adv. 2022, 8, 6872. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1175/jcli-d-19-0910.1
https://doi.org/10.5194/wcd-2-1093-2021
https://doi.org/10.1007/s11269-023-03444-w
https://doi.org/10.1029/2021ef002152
https://doi.org/10.1038/s41591-023-02419-z
https://doi.org/10.1126/sciadv.abo6872

	Introduction 
	Materials and Methods 
	Study Area 
	Data Collection 
	GCMs Temperature Data 
	ERA5 Land Temperature Data 

	Cross-Validation of Interpolation Methods 
	GCMs Performance Assessment and Ranking 
	Multi-Model Ensemble and Future Projections 

	Results 
	Cross-Evaluation of Interpolation Methods 
	Ranking and Assessment of GCMs 
	Geospatial Performance Analysis 
	Multi-Model Ensemble 
	Determining Ensemble Members 
	Simple Averages vs. Random Forest Multi-Model Ensemble 

	Future Temperature Projections 

	Discussion 
	Downscaling of GCMs Temperature Data 
	Ranking, Assessment and Ensemble of GCMs 
	The Sizzling Future of the Euro-Med 

	Conclusions 
	Appendix A
	References

