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Abstract: The comprehensive characterization of heat waves and extreme hot days is fundamental for
policymakers due to its vast implications for human health. This study evaluates extreme temperature
changes over the Iberian Peninsula for the present climate and future projections, considering
extreme temperature indices, cold/heat waves, and a recovery factor, using the Weather Research and
Forecasting model. The projected temperatures show an increase of over 6 ◦C. An increase in the
number of summer days and tropical nights and a decrease in frost days is expected. The number of
heat waves and their duration and intensity are expected to increase. The number of heat wave days
are expected to increase, with much of the average summer season being under heat wave conditions.
The recovery factor is expected to decrease. Cold spells are projected to decrease in terms of number,
intensity, duration, and number of spell days, whereas the recovery factor is expected to increase.
Heat wave analysis was combined with maximum temperature thresholds to isolate extreme heat
waves. The results show an increase in extreme heat wave days, with regions experiencing over 10
heat wave days with maximum temperature surpassing 45 ◦C for the long-term future.

Keywords: climate change; extreme temperatures; heat waves; cold spells; Iberian Peninsula; bias
correction; WRF

1. Introduction

Climate change is one of the major threats of the 21st century. The main concern with the
evaluation of climate change impacts is the associated potential change in climate variability and,
consequently, in extreme events [1]. Extreme events are defined as the tails of the distribution of a
weather variable, which occur with low frequency, that is, the values located away from the mean or
median value of the distribution [2]. Examples are extreme temperature events (heat waves, cold spells,
and the number of days exceeding different threshold temperatures) and extreme precipitation events
(heavy rain and droughts). These events are responsible for significant impacts on both human society
and the natural environment, for instance, human morbidity/mortality and economic losses [3,4].
Several studies point to an increase in the frequency of extreme events associated with an increase in
temperature [3,5,6].

Regional climate models (RCMs), such as the Weather Research and Forecasting model (WRF), are
frequently used to provide detailed information on extremes and not only on average conditions [6].
Generally, global climate models (GCMs) are used as forcing models to RCMs, providing information
about the initial and boundary conditions. However, this combination of GCMs and RCMs, often
introduces systematic errors in the simulations [7–9], which might be amplified when studying extreme
events such as extreme temperatures [10].
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Models are simplifications of reality, and therefore, there are small differences between the statistics
of the observations and the climate model simulation. These differences are called biases or systematic
errors. These biases can be due to simplified physics and thermodynamic processes, mathematical
formulation of the numerical integrations, limited knowledge of the climate system process, and
limited spatial resolution in the climate model.

With the purpose of reducing such systematic errors, several studies have applied bias correction
methods to RCM simulations [9,11–13]. These authors used quantile mapping as a method of correction,
with improved results for temperature. Different methodologies have been developed in order to
reduce the model biases, for instance, the quantile mapping, which is applied in this study.

Numerous studies have focused on observed and simulated historical and future changes in
extreme temperature events [6,14–16], considering the exceedance of a fixed absolute value or the
deviation from the historical climatology, using the maximum and minimum temperature, climate
change indices, or heat waves and cold spells. In the future, a pronounced warming in the Mediterranean
is projected, mainly during summer and in maximum temperature [5,17]. Consequently, an increase in
the indices associated with hot extremes is estimated, conversely, with a decrease in the ones associated
with cold events [18,19]. An increase in the frequency of the heat waves and a decrease in the cold
spells in the Iberian Peninsula is also projected [20].

Nowadays, climate change with respect to extreme temperatures is a well-recognized
problem. Ongoing effects of heat waves and extreme hot days include consequences on human
morbidity/mortality and on the environment and economy [3,21]. These impacts are even more
pronounced in urban areas with high population density, which are heavily vulnerable to extreme
temperature events. Thus, assessing this type of event is crucial during the policymaking process,
when both mitigation and adaptation measurements are addressed.

The main purpose of this study is to evaluate the change in extreme temperatures in the Iberian
Peninsula for two future climate periods relative to a historical recent climate. This is done using
a set of climate simulations performed by WRF RCM and forced by the Max Planck Institute earth
system model–low resolution (MPI-ESM-LR) GCM. First, because the modeling of climate may have
systematic errors, bias correction was applied to the simulations using a quantile mapping approach.
The change in extreme temperature was evaluated through the differences between the future climates
and the historical climate and respective statistical significance, combining the maximum and minimum
temperature, climate change indices, heat waves and cold spells characteristics, and their recovery factor.

The novelty of this study is that it considers many complementary aspects of temperature relevant
to thermal stress, bias correction is performed prior to the climate change analysis, and the statistical
significance of changes is evaluated.

The article is structured as follows: in Section 2, we describe the data and methods used, where
we detail the bias correction approach used in this study, the variables used to evaluate the climate
change—climate change indices, heat waves and cold spells—and their formulation. Afterwards, in
Section 3, we present and discuss the results obtained, referring to the model validation and future
change in extreme temperatures. In Section 4, we present a summary with our conclusions.

2. Data and Methods

2.1. Data and Simulations

For this study, a set of WRF v3.5 (Weather Research and Forecasting) simulations, previously
performed and validated, were used [22]. The WRF model is a numerical weather prediction (NWP)
system developed for both research and operational applications.

The WRF model is a fully compressible, non-hydrostatic, primitive-equation model with multiple
nesting capabilities and variable time integration [23]. It is a very versatile numerical model used
to simulate storms [24], heavy rainfall events [25], and urban heat island [26]. Moreover, it has been
successfully used as a regional climate model [22,27–29].
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WRF simulations were driven by the global climate model MPI-ESM-LR (WRF-MPI), which
provided the initial and boundary conditions to obtain regional climate information through a
method called dynamical downscaling. This process takes information from larger scales to the
local/regional scale.

The MPI model with r1i1p1 initialization has a horizontal resolution of 1.9◦, which corresponds
to about 160 km [30]. For these simulations, WRF-MPI was set with 29 vertical levels defined as
eta-terrain-following coordinates, unevenly spaced with a higher resolution directly over the surface
to better capture the boundary layer representation. Several different physical parameterizations
using the WRF model were tested for the Iberian Peninsula [31]. Their results are used in this
study. The physical parametrizations used include WRF single-moment 6-class microphysical
scheme [32], Dudhia shortwave radiation scheme [33], RRTMG (rapid radiative transfer model)
longwave radiation model [34], MM5 similarity surface layer scheme [35], Noah land surface model [36],
Yonsei University planetary boundary layer scheme [32], and Grell–Freitas ensemble scheme for
cumulus parametrization [37]. Because model simulations are sensible to land use, the Coordination of
Information on the Environment (CORINE) Land Cover was implemented [38]. The process consisted
of converting CORINE data categories into WRF categories [39]. Sensitivity tests were performed for
the usage of this dataset in WRF simulations [40].

The model was integrated without interruption for 21 years for the three periods. This extra
starting year is the spin-up year necessary to allow the soil moisture to adjust [22]. In this study, the
boundary conditions from MPI were provided to WRF at six-hour intervals, including the sea surface
temperature. To avoid mismatches between MPI boundaries and WRF, all simulations were performed
using spectral nudge for wavelengths larger than 1000 km [41].

To make WRF outputs more resembling a climate simulation, in the sense that climate simulations
are concerned with averages, sums, and minimum and maximum values, a set of modifications were
introduced allowing for output of the daily minimum and maximum temperature [29]. In doing so, it
was ensured that the minimum and maximum fell in daily intervals.

The MPI model participated in the Coupled Model Intercomparison Project Phase 5 (CMIP5) [42],
which uses new emission scenarios, namely the representative concentration pathways (RCPs) [19].

This study comprises two future periods—medium- (2046–2065) and long-term (2081–2100)—and
a historical period (1986–2005). These simulations were performed for 20-year periods, as used by
the Intergovernmental Panel on Climate Change (IPCC) 5th Assessment Report [43]. The future
simulations consider a future greenhouse gas emission scenario, namely RCP8.5, defined by a radiative
forcing of 8.5 W m−2 by 2100 and a continuous increase after this year [44]. Several studies have used
this forcing model as the key driver for future climate change estimation [14,20,45–47].

The WRF-MPI model was implemented for three two-way nested domains with an increasing
horizontal resolution, using a fixed nesting ratio of three, namely 81, 27, and 9 km. This study focuses
on the innermost domain, with higher resolution (9 km, D-3), which includes the Iberian Peninsula
(Figure 1a).

Bias correction was applied to the original simulations using observational data as a reference.
These observational data—E-OBS—developed by the European Climate Assessment and Dataset
(ECA&D), consist of a land-only, daily, high-resolution gridded dataset for Europe, which cover a
period between 1950 and 2006 [48]. These data comprise precipitation and minimum, maximum, and
mean surface temperature. In this study, we extracted the daily minimum and maximum temperature
for an interval equal to the historical period of the simulations—1986–2005—for a rotated pole grid
with a horizontal resolution of 0.22◦.

A regular grid with a horizontal resolution of 0.2◦ was defined (D-3*) (Figure 1b), which allows
for the comparison between the simulations and the observational data.

Past research shows that there are breaks in the homogeneity of the temperature and within the
temperature data. The inhomogeneities are more significant in the day-to-day difference in temperature
than in the daily amplitude [49]. This information may be important when calculating trends using
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E-OBS. Regardless, it was shown that E-OBS satisfactorily reproduced temperature data and indices in
most study sites, despite the fact that precipitation indices were less accurate [50]. E-OBS succeeded in
estimating trends in extreme temperature and precipitation.
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Figure 1. (a) Configuration of the domains used in the regional Weather Research and Forecasting
(WRF) model implementation. The model ran in two-way nesting mode with increasing domain
resolutions of 81 km (D-1), 27 km (D-2), and 9 km (D-3); (b) topography of the study area (Iberian
Peninsula); WRF domain D-3 (9 km resolution) and domain D-3* (0.2◦ resolution). In this study, we
used domain D-3*.

2.2. Methods

Firstly, since the modeling of climate may have systematic errors, bias correction was applied to
temperature simulations. The bias correction method applied in this study is explained in this section.

Afterwards, we focused on the change in extreme temperatures, which was evaluated by the
mean differences of maximum and minimum temperature, climate change indices, heat waves, cold
spells, and their recovery factor. Additionally, and not considered often in other similar studies, we
evaluated the statistical significance of the changes of the future climates relative to the historical
reference climate. The same test was applied to verify the differences between simulations, before and
after bias correction, and the observations for the reference period. A two-tailed statistical hypothesis
test—Student’s t-test—using a 5% significance level was applied [51,52].

The methods applied to calculate the climate change indices, heat waves, cold spells, and the
recovery factor are detailed in this section.

2.2.1. Bias Correction

The simulations performed by GCMs and RCMs frequently present systematic errors, triggered
by low horizontal resolution, complex terrain, simplified parametrization of the thermodynamic
and physical processes, or simplified numerical schemes [7–9]. With the purpose of minimizing the
differences between simulated and observational data, numerous studies have applied bias correction
to the simulations [9,53–57]. Bias correction of climate variables is a current issue and has been under
debate since the correction may not preserve some characteristics of the variable. Thus, correcting
climate variables is a balance between a reliable analysis and its possible side effects, with some authors
presenting extensive discussions on the topic [58–64].

Some studies applied a quantile mapping bias adjustment method to reduce the model
biases [11–13,65]. This approach consists of correcting the distribution individually for each quantile.
For Europe, the results are controversial. Some mention that quantile mapping changes the indices
based on thresholds [58]. On the other hand, some authors show that indices based on the duration
of the event are affected [54]. Others present a detailed discussion about the error correction on
climate variables, such as the temperature, and conclude that quantile mapping retains the quality
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of the temporal structure in the timeseries and the inter-variable dependencies of the regional
climate models [66]. Despite the limitations, bias correction is commonly used to correct systematic
distributional biases in climate variables such as temperature [67], and it is often considered more
adequate than using raw simulated data.

In this study, we used a method that enables the minimization of the systematic errors verified in
the daily maximum and minimum temperature simulations through a quantile–quantile calibration
(q-q plot) [12]. This method assumes that the distribution function of the variable may change in the
future. The advantage of this approach is the correction of the complete distribution including the tails,
which, in this case, comprises the correction of extreme temperatures.

First, we performed bias correction of temperature for the historical period, by projecting the
distribution of the observed temperature onto the simulated temperature for the historic period. Later,
the temperatures in the future periods were also bias-corrected based on the method described briefly
by the following equations, in which i corresponds to the ith ranked value of the respective cumulative
distribution function (CDF) [12]:

∆i = s2081−2100 − s1986−2005 (1)

∆ =

∑N
i=1 ∆i

N
= S2081−2100 − S1986−2005 (2)

∆′i = ∆i − ∆ (3)

f =
σo

σSc

=
IQR75−25|o
IQR75−25|Sc

(4)

where s2081−2100 is the future simulated temperature without bias correction for the long-term future
case, s1986−2005 is the historical temperature with no bias correction, and N is the number of days of the
sample (in our study, N = 7670).

Therefore, Equation (1) represents the difference between the future and historical simulated
temperature without bias correction. Equation (2) corresponds to the mean regime shift and Equation (3)
to the deviations from this shift. Furthermore, Equation (4) represents the interquartile ranges of the
observed and historical simulated temperature with no bias correction ( IQR75−25|o and IQR75−25|Sc ,
respectively), which corresponds to the difference between the 75th and 25th percentiles. We assume
the latter variables represent the variability of both observed and historical simulated temperature
with no bias correction (σo and σSc ) [12].

Thus, the future simulated temperatures with bias correction (pi) are calculated using the following
equation [12], where oi is the observed temperature:

pi = oi + g∆ + f ∆′i (5)

where g and f are parameters that modulate the variation in the mean state and that calibrate the
change in variability and shape, respectively. For temperature, we assume that the simulation shift in
the mean is a plausible outcome of the models. Thus, this shift must be preserved in the projected
simulations resulting in g = 1.

The full methodology of the applied bias correction is presented by [12]. Bias correction was
applied to the daily minimum and maximum temperature of each grid point of the domain. Figure 2
shows the application of the bias correction methodology to maximum temperature, performed on a
single grid point representative of Madrid for only the long-term future. In this figure, an example of
the shift from both historical and long-term future simulations is depicted before bias correction (in the
75th percentile) and their shift after applying bias correction to both simulations (25th percentile).
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Figure 2. Graphical scheme of the bias correction (bc) of maximum temperature (Tmax, ◦C) for Madrid
for only the long-term future. Cumulative distribution function (CDF) of the observations, simulations
with no bias correction of the historical and long-term future periods (no bc hist and no bc long,
respectively), and bias correction of the long-term future period (bc long). Vertical lines show the mean
values of historical and long-term future simulations before bias correction.

2.2.2. Climate Change Indices

The climate change indices, defined by the World Climate Research Programme’s Expert Team on
Climate Change Detection and Indices (WCRP’s ETCCDI), consist of a set of 27 indices, which allow
the quantification and characterization of the variability and change of climate [68,69]. This set of
standard indices enables a consistent comparison between analyses performed by different authors
and promotes the analysis of extremes all over the world. These have been used in several studies,
which evaluate changes in extreme temperature [14,15,19,68,70], suggesting a very likely warming of
the Iberian Peninsula.

Because this study focuses on extreme temperatures, we assessed three indices, which evaluate
the changes in minimum and maximum temperatures, namely the number of summer days (SU25),
number of frost days (FD0), and number of tropical nights (TR20).

The number of summer days is defined as the annual count of days in which maximum temperature
is above 25 ◦C (Tmax > 25 ◦C). The number of frost days considers days in which the minimum
temperature is lower than 0 ◦C (Tmin < 0 ◦C). The number of tropical nights is defined as the annual
number of days in which the minimum temperature is higher than 20 ◦C (Tmin > 20 ◦C).

2.2.3. Heat Waves and Cold Spells

Several studies have evaluated the properties of heat waves and cold spells in historical and
future climates [6,15,20,71–73]. In general terms, the results show surface warming [15] that may be
related to a decrease in cold spells [20] and an increase in frequency, intensity, and duration of heat
waves in Europe and in the Iberian Peninsula [6,20,71–73], with some models projecting an increase in
the probability of occurrence of extreme and very extreme heat waves [20,71].

Different definitions are used to detect these events [74], which have a variable minimum number
of consecutive days above a variable daily threshold. For instance, some authors define a heat wave as
a minimum period of six consecutive days with maximum temperature exceeding its 90th percentile [6],
while others consider a heat wave as a minimum of two consecutive days occurring above the 95th
percentile of the daily maximum temperature [73]. Other studies consider different meteorological
variables such as the relative humidity [74,75]. In addition, some studies use different methods to
establish the daily threshold, namely the exceedance of a fixed absolute value or the deviation from
normal [74].
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In this study, we defined a heat wave (HW) using a methodology that considers a period of at least
three consecutive days in which the maximum temperature is equal or superior to the daily threshold
of the historical period (in our study, 1986–2005) [71]. Conversely, cold spells (CSs) are defined as an
interval of at least three consecutive days with minimum temperature equal or inferior to the daily
threshold of the historical period.

The daily threshold mentioned above has a different formulation for the heat waves and the
cold spells. In the former case, it consists of the 90th percentile of the maximum daily temperature,
while in the latter case it consists of the 10th percentile of the minimum daily temperature. Both daily
thresholds for a particular day are calculated on a 31-day window centered on that day [20].

In this study, heat waves were only detected for summer for a period covering June to August
(JJA), whereas cold spells were searched for winter, the period between December and February (DJF).
With the aim of not restricting possible events occurring in the limits of these intervals, we counted
three extra days in the beginning and in the end of the periods established.

To characterize the heat wave/cold spell events, we calculated the duration, intensity, waves’/spells’
number, and number of wave/spell days [20]. The intensity of a heat wave consists of the mean
difference between the maximum temperature and the daily threshold, while the intensity of a cold
spell considers the minimum temperature. Furthermore, we calculated the recovery factor, which
is defined as the mean difference between the maximum and minimum temperature of the events
(temperature range), representing the health recovering capacity during the night/day within a heat/cold
wave/spell [20]. The characteristics of the heat waves and cold spells and the recovery factor are
descripted in Table 1.

Table 1. Description of the properties of heat waves (HWs) and cold spells (CSs).

HW/CS Properties Abbreviation Formula Units

Duration DUR - Days

Intensity INT

1
n

n∑
i=1

∣∣∣Tdaily threshold − Tmax
∣∣∣, HW 1

1
n

n∑
i=1

∣∣∣Tdaily threshold − Tmin
∣∣∣, CS 2

◦C

Recovery Factor RF 1
n

n∑
i=1

Tmax − Tmin
◦C

N. Waves/Spells NWAVES - -
N. Wave/Spell Days NDAYS - Days

1 Tdaily threshold and Tmax correspond to the daily threshold and to the daily maximum temperature, and n corresponds
to the duration of the event. 2 Tmin corresponds to the daily minimum temperature.

Due to the acknowledged increase in global temperatures, part of this study consisted of combining
different thresholds of maximum temperature, namely 25 ◦C, 35 ◦C, 40 ◦C, and 45 ◦C, with the purpose
of identifying very extreme heat waves in future climate scenarios. Thus, in this case, the daily
threshold consisted of the combination of the exceedance of a fixed absolute value and the deviation
from normal.

3. Results

3.1. Model Validation

With the purpose of validating the bias correction applied to the maximum and minimum
temperature simulated by WRF-MPI, we compared the observations (E-OBS) with the historical
simulations with and without bias correction.

First, we calculated the mean spatial distribution of the observations (obs) and the simulations
from the historical period with and without bias correction (bc hist and no bc hist, respectively),
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their differences, and respective statistical significance (Figure 3). All calculations were performed
considering annual and seasonal mean fields (summer—JJA and winter—DJF).Atmosphere 2019, 10, x FOR PEER REVIEW 8 of 22 
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Figure 3. Mean daily maximum and minimum temperature (Tmax and Tmin, ◦C) [first row, annual;
second row, winter (DJF); third row, summer (JJA)] of the observations (obs) and the simulations with
no and with bias correction (no bc hist and bc hist, respectively) for the historical period. Differences
between the mean spatial distribution with no and with bias correction and the observations (no bc
hist–obs and bc hist–obs, respectively). Statistically significant differences (Student’s t-test) at 5%
significance level are represented by black dots.

Before bias correction, the maximum temperature is underestimated relative to the observations.
These differences are statistically significant, and their peak occurs in regions with higher altitude
and during summer. After applying the bias correction, these differences are approximately null and
statistically non-significant (Figure 3). The minimum temperature is underestimated and overestimated
by the WRF-MPI simulations in different regions of the domain. These statistically significant differences
are predominantly positive during winter and negative during summer. After bias correction, the
differences became approximately null and statistically non-significant, with the exception of a small
region in the central Iberian Peninsula (Figure 3).

For a better understanding of the bias correction method applied, Figure 4 shows the
quantile–quantile plots of the maximum and minimum temperature observed and simulated for
the historical period with and without bias correction for a grid point representative of Madrid. The
quantiles of the simulated maximum temperature presented lower temperatures than those observed.
On contrary, the simulated minimum temperature adjusted to the observations with the exception of
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the extremes of the distribution, where an overestimation of the temperature was verified mainly in
the lower temperatures (DJF). Similar results have been verified in Figure 3.Atmosphere 2019, 10, x FOR PEER REVIEW 9 of 22 
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(no bc hist, y-axis) for the daily maximum (left) and minimum temperature (◦C) (right) for Madrid.
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Figure 5 represents the CDF and the probability density function (PDF) of maximum and minimum
temperature simulated for the historical period with and without bias correction and that observed for
Madrid. It is important to notice that, after bias correction, the simulated temperature for the historical
period and the observations were similar.
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(Tmax and Tmin, ◦C) (first and second column, respectively) for Madrid.
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The CFD and PDF of maximum temperature with no bias correction were shifted in the direction
of the lower temperatures, when compared to the observations. The CDF and PDF representatives
of the minimum temperature were similar, with the exception of the extremes, where a shift of the
distribution with no bias correction in the direction of the higher temperatures can be observed mainly
in the lower temperatures (DJF). Similar results can be observed in Figures 3 and 4.

Analyzing Figures 3–5, we verified model temperature biases for minimum and maximum
temperatures. After the application of the bias correction, both simulations and observations were
similar. Thus, the model was validated with success, and, hereafter only bias-corrected temperature
will be used.

3.2. Future Change in Extreme Temperatures

To evaluate the change in extreme temperature, we focused on the differences between the
future climate scenarios and the historical period and respective statistical significance. We combined
maximum and minimum temperature, climate change indices, heat waves/cold spells’ properties and
the associated recovery factor, and a combination of daily maximum temperature thresholds and
heat waves.

3.2.1. Maximum and Minimum Temperature

First, we calculated the mean spatial distribution of the maximum and minimum temperature
for the historical climate and the differences between the future and historical periods. Figure 6
shows a future increase in temperature, which is more pronounced for maximum temperature during
summer. For the medium- and long-term future, a significant increase in the annual minimum and
maximum temperature, greater than 2 ◦C and 4 ◦C respectively, is expected, although during summer,
the increase in both minimum and maximum temperature might be superior to 6 ◦C. These changes
are statistically significant over the whole domain. This pronounced warming during summer has
been verified in previous studies [17,76], while others noticed the pronounced increase in maximum
temperature [5,19,77].

In the scope of CMIP5, several studies have evaluated the performance of several models (including
MPI-ESM-LR) in simulating past and future extreme temperatures in Europe. A study was performed
using 33 global climate models participating in CMIP5, under the RCP8.5 [78]. For the climate change
analysis, the ensemble-mean temperatures are expected to increase over all of Europe during winter
and summer. Focusing on the Iberian Peninsula, a warming between 2 and 4 ◦C is projected during
winter. For summer, the temperature is likely to increase between 5–7 ◦C, with a more pronounced
increase in central Iberian Peninsula. The results are similar to the ones presented by our study, which
also show a more pronounced increase in temperature during summer and in the innermost region of
the Peninsula.

For a better understanding of future changes of temperature’s distribution, Figure 7 shows
quantile–quantile plots of the maximum and minimum temperature simulated for the historical and
both future periods for Madrid. The quantiles that are representative of both maximum and minimum
temperatures have the same behavior.

The quantiles of the historical period have lower temperatures than those in the future periods,
associated with a future increase in temperature. However, these differences are enhanced in the
maximum temperature range, which is also shown in Figure 6. Furthermore, the increase in temperature
in the medium-term future is lower than that observed in the long-term future, although the differences
between both future periods are more pronounced for higher values of temperature, which is associated
with an unequal warming of the different quantiles. Thus, the higher the temperature during the
historical period, the greater the increase in temperature in the future periods. The higher (lower)
temperatures of both minimum and maximum temperature are most likely associated with summer
(winter), in which a more (less) pronounced increase in temperature was previously observed (Figure 6).
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Figure 6. Mean daily maximum and minimum temperature (Tmax and Tmin, ◦C) for the historical
period (bc hist, first column). Differences between the medium- and long-term future and the historical
period [bc medm–bc hist (second column) and bc long–bc hist (third column), respectively]. Statistically
significant differences (Student’s t-test) at 5% significance level were verified in all the grid points.
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Figure 8 represents the CDF of the maximum and minimum temperature simulated for the
historical and future periods for Madrid. Their behavior is similar to that observed in Figure 7. Thus,
both future periods are shifted in the direction of the higher temperatures, especially in the maximum
temperature. In addition, the increase in temperature in the medium-term future is lower than that
observed in the long-term future. Finally, the higher the temperature during the historical period,
the greater the increase in temperature in the future. Therefore, in the future, a greater increase in
temperature for higher temperature extremes (high maximum and minimum temperature) is expected
than for lower temperature extremes.
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3.2.2. Climate Change Indices

To further evaluate temperature changes, other independent and universally adopted methods
have been used here, namely changes in some of the ETCCDI indices. As said before, these are
the number of summer days (SU25), number of frost days (FD0), and number of tropical nights
(TR20). Figure 9 shows the spatial distribution of these mean indices for the historical climate and the
differences between the future and historic climates. The statistical significance of these changes has
also been assessed.

In the future, a statistically significant increase of the SU25 is expected, when compared with
the historical period. In the medium-term future, this increase is around one month, while for the
long-term future it is approximately two months. In addition, in the future, a statistically significant
decrease in the number of FD0 is estimated. In the historical period, some areas in the southwest
region of the domain do not have frost days. However, in the future, in which a decrease of 80 days is
estimated in certain areas, the area with no frost days is expected to increase. Finally, in the future,
a significant increase in the number of TR20 is estimated, with more than 100 nights (greater than
3 months) in the long-term future for much of the southern part of the domain. Statistically significant
changes are observed over most of the domain.

Previous studies have also shown similar recent and future positive trends to those presented
here [14,15,18,19,70,77,79,80].
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Figure 9. Climate change indices—mean number of summer days (SU25, days per year, first row),
mean number of frost days (FD0, days per year, second row), and mean number of tropical nights
(TR20, nights per year, third row)—for the historical period (bc hist, first column). Differences between
the medium- and long-term future and the historical period [bc medm–bc hist (second column) and bc
long–bc hist (third column), respectively]. Statistically significant differences (Student’s t-test) at the 5%
significance level are represented by black dots.

3.2.3. Heat Waves and Cold Spells

As mentioned above, heat waves and cold spells are characterized by their intensity (INT),
duration (DUR), recovery factor (RF), waves’/spells’ number (NWAVES), and number of wave/spell
days (NDAYS). These events were defined for summer (June to August) and for winter (December to
February), respectively.

Figure 10 shows the mean spatial distribution of these properties for heat waves and cold spells in
the historical period, the differences between the medium- and long-term future and the historical
period, and the respective statistical significance. In the future, heat waves are projected to have
a statistically significant increase in their intensity, duration, waves’ number, and number of wave
days. This increase is more pronounced in the long-term future, in which we verify a mean maximum
increase of the intensity and duration of 4 ◦C and 10 days, respectively, resulting in the doubling of the
maximum intensity and in the triple of the duration of the historical period. During the long-term
future, a mean maximum increase greater than 6 waves and 60 wave days (around 2 months, that is, 2/3
of summer), which corresponds to threefold and 10-fold the wave’s number and number of wave days
observed during the historical period, respectively, is expected. A significant decrease in the recovery
factor in some small areas is also expected, whereas in others there are no significant differences.
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The results show a future increase in the waves’ number, their duration, and intensity. Other
studies [6,20,70,71,81–83] found the same results for number, duration, and intensity of heat waves.
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Cold spells are estimated to have a predominant significant decrease in their duration, spells’
number, and number of spell days, associated with the increase in the minimum temperature. The
intensity and the recovery factor have a variable behavior in the future. Thus, there are verified
non-significant positive and negative differences, according to the region and period of study, although
both future periods are majorly characterized by a decrease in the intensity. The recovery factor
is defined by regions with an increase and decrease during the medium-term future, while in the
long-term future, its predominant increase is verified. In the medium-term future, certain areas have
no cold spells, which is more considerable in the long-term future.

Few studies focused on cold spells, although some studies presented a future decrease of the cold
spells’ number, their duration, and intensity [20,84].

Because cold spells are expected to be less frequent in the future and heat waves are expected
to increase, one expects these to represent several environmental and socio-economic negative
impacts [3,21,83,85], influencing, for example, the ecosystems, human society and mortality, and
regional economies. To further illustrate this, we focused on the heat waves with the longest duration
that occurred in Madrid during the historical and future periods (Figure 11). The selection of this
characteristic (i.e., duration) is based on evidence that suggests that, concerning impacts, the duration
of the heat waves might be more important than the intensity [86].
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in Figure 10. During the historical period, the longest heat wave was characterized by a duration of 

Figure 11. Daily threshold (solid black line), maximum daily temperature of the heat wave (Tmax HW,
solid grey line with empty circles), maximum daily temperature (Tmax, dashed grey line), minimum
daily temperature of the heat wave (Tmin HW, solid grey line with filled circles), and minimum
daily temperature (Tmin, dashed-dotted grey line) for the heat wave with largest duration during the
historical period (first panel), medium-term future (second panel), and long-term future (third panel)
in Madrid. In the upper right corner, it the duration (DUR, days), mean intensity (INT, ◦C), and mean
recovery factor (RF, ◦C) of each event are presented.

In the future periods, an increase of the duration and intensity of the heat waves is verified, while
the recovery factor remains unchanged. These results are similar to those previously presented in
Figure 10. During the historical period, the longest heat wave was characterized by a duration of
11 days and an intensity of around 1 ◦C. In the long-term future, the duration increased to 76 days,
which corresponds to a consecutive period of longer than 2 months, and the intensity increased five
times (5.79 ◦C). We observe that this mega heat wave has temperatures exceeding 40 ◦C most days and
some consecutive days of more than 45 ◦C.
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3.2.4. Extreme Heat Waves

To obtain more insight into very extreme high temperature heat wave events, we combined the
heat wave definition with high maximum temperature thresholds, namely 25 ◦C, 35 ◦C, 40 ◦C, and
45 ◦C. Thus, the daily threshold used to identify heat waves was a combination of the exceedance of a
fixed absolute value and the usual deviation from the heat wave threshold derived in Section 2.2.3.

Figure 12 shows the mean spatial distribution of the number of heat wave days for the historical
climate and the differences between the future and historical periods. This was done for heat waves
using thresholds of maximum temperature equal to 25, 35, 40, and 45 ◦C. In the future, a statistically
significant increase in the number of heat wave days is expected, when compared with the historical
period. This increase is more pronounced for the lower thresholds (25 and 35 ◦C) with significant
differences higher than 60 days in the long-term future for heat waves with temperatures over 25 ◦C.
For the heat waves with maximum temperature higher than 35 ◦C, such differences were not observed
in the northern regions. For the medium-term future, the coastal northern region was characterized
by the inexistence of heat waves with maximum temperatures higher than 35 ◦C, contrary to what
happens in the long-term future.
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Figure 12. Mean number of heat wave days per year (NDAYS, days) due to the combination of heat
waves and maximum temperature thresholds—25 ◦C (first row), 35 ◦C (second row), 40 ◦C (third
row), and 45 ◦C (forth row)—for the historical period (bc hist, first column). Differences between the
medium- and long-term future and the historical period [bc medm—bc hist (second column) and bc
long—bc hist (third column), respectively]. Statistically significant differences (Student’s t-test) at the
5% significance level are represented by black dots.

Regarding the higher threshold temperatures (40 and 45 ◦C), the historical period is characterized
by the almost inexistence of such extreme heat waves. In the medium-term future, the number
of heat wave days with maximum temperatures higher than 40 ◦C increases significantly in the
central/southern region, which includes cities such as Évora and Seville, while for the long-term future
the area significantly increases, covering most of the Iberian Peninsula. The largest differences are
observed in regions that already had heat wave days with maximum temperatures surpassing 40 ◦C
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in the medium-term future, reaching values higher than 40 days. Concerning the most extreme heat
waves, with maximum temperatures higher than 45 ◦C, the historic and medium-term future have few
such heat wave days, whereas, for the long-term future, one may expect around an annual average of
up to 20 heat wave days with maximum temperatures higher than 45 ◦C, with these occurring in the
central/southern non-coastal region. We note, however, that the total annual average number of up to
two consecutive days (i.e., not heat waves) with maximum temperatures above these thresholds are
slightly higher than those shown in Figure 12.

4. Conclusions

The main purpose of this study was to assess extreme temperature climate changes over the
Iberian Peninsula. For that, different methods and various aspects of extreme temperatures, such as
heat waves and cold spells, were analyzed. A set of climate simulations performed by the WRF regional
climate model and forced by the MPI-ESM-LR global climate model for the Iberian Peninsula were used.
The evaluation of the future change in extreme temperatures was accomplished through the differences
of two future climate scenarios—medium-term (2046–2065) and long-term (2081–2100)—relative to
a historical reference climate (1986–2005), considering the future greenhouse gas emission scenario
RCP8.5. The statistical significance of these changes was also assessed.

Simulated daily maximum temperature was underestimated to different degrees along the
distribution, relative to the observations, while simulated minimum temperature was predominantly
underestimated during summer and overestimated during winter. These systematic errors were
minimized after the application of bias correction in the form of quantile mapping to simulated daily
maximum and minimum temperature using observationally derived temperature data (E-OBS).

The change in extreme temperature and its statistical significance was evaluated through the
differences between the future climates and the historical climate.

In the medium- and long-term future, a statistically significant increase in both minimum and
maximum temperatures greater than 2 ◦C and 4 ◦C, respectively, is expected but more pronounced
during summer with warming in excess of 6 ◦C in some regions. This is in line with an increase in the
annual number of summer days and tropical nights and a decrease of the annual number of frost days.

For heat waves and for both future climates, an increase in their intensity, duration, and waves’
number is estimated. The number of heat wave days is estimated to increase from an annual average
of 6 in the historical climate to 20 and 50 over much of the region for the medium- and long-term
climate, respectively. A small decrease in the recovery factor is observed. On the contrary, for cold
spells, a decrease in the intensity, duration, spells’ number, and number of spell days and an increase
in the recovery factor are expected. These differences are more pronounced for the heat waves and are
statistically significant in most cases for most of the Iberian Peninsula.

These results are in line with the existing literature applying bias correction before assessing
extreme events. Recent studies show that heat waves become more frequent and have higher mean
duration and intensity. Moreover, heat waves can occur during a larger part of summer [87]. Other
studies show the same future warming with an increase for severe heat waves [88].

Finally, we analyzed the most extreme heat waves as being those in which each day has maximum
temperatures above 25 ◦C, 35 ◦C, 40 ◦C, and 45 ◦C. In the future, a significant increase in heat wave
days with extreme maximum temperatures is expected. For the long-term future, the central/southern
region of the Iberian Peninsula may experience an average of between 10 and 20 heat wave days
per year with maximum temperatures surpassing 45 ◦C in each wave day. For some locations in the
southern/central non-costal region we identified heat waves that may last nearly the whole summer,
with average maximum temperatures of about 40 ◦C. These type of mega heat waves were not found
in the historic and medium-term future climates.

These results should be considered in the development of extreme temperature-related adaptation
measures in various socio-economic areas.
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