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Abstract

This study presents an assessment of the added value of downscaling utilizing Regional Climate Models (RCMs) compared
to Global Climate Models (GCMs) in the high mountain region of the Pyrenees, characterized by complex topography. The
EURO-CORDEX ensemble was investigated, employing a gridded high-resolution observational database as a reference.
A recently proposed method is applied to quantify the performance gains or losses associated with dynamic downscaling.
Our analysis focuses on calculating the added value by exploring the extremes of the Probability Density Function (PDF),
spatial distribution patterns, and its relationship with elevation. Overall, our findings reveal significant improvements in the
representation and general characterization of precipitation, minimum temperature, and maximum temperature in the Pyr-
enean region. Furthermore, RCMs demonstrate enhanced performance in capturing maximum precipitation events; however,
they struggle to represent low precipitation rates, particularly in the Mediterranean area of the mountain range. Regarding
temperature extremes, dynamical downscaling exhibits improvements in capturing maximum events. Nevertheless, deficien-
cies are observed in the RCMs’ representation of minimum temperature events for both minimum and maximum temperature
variables, as well as in representing near-freezing temperatures.
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1 Introduction primarily due to the growing demand for high-resolution

simulations to conduct impact assessment studies for climate

Regional Climate Models (RCMs), have been developed in
the recent decades to address the challenge of downscaling
low-resolution models (GCMs) into high-resolution infor-
mation. This approach overcomes the practical limitations
of employing high-resolution models on a global scale. Over
the past years, RCMs have gained increasing significance,
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change adaptation strategies. However, despite the advan-
tages of these models, there are limitations that must also
be taken into account (Kotlarski et al. 2014, 2015; Vautard
et al. 2021)

In this scenario of the proliferation of RCMs, the Coordi-
nated Regional climate Downscaling Experiment, CORDEX
(Giorgi et al. 2009; Jones et al. 2011; Gutowski et al. 2016),
was created. In particular, for the European region, more
than 70 RCM simulations have currently been conducted
within the framework of the EURO-CORDEX initiative.
However, downscaling the information derived from GCMs
is computationally very expensive. Therefore, it is a prior
need to assess the added value (AV) of using RCMs against
GCMs in simulating the climate system.

For this aim, previous studies have proposed different
methods to compute the AV depending on multiple factors
such as the variable, the region of interest and the spatial and
temporal scale. Di Luca et al. (2016) proposed the poten-
tial added value metric, which delves into the increased
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spatial-scale variability not present in the simulations at
lower resolutions. This approach involves analyzing the
discrepancies in high-ranking percentiles at the scale of
individual grid-cells. The results showed potential added
value values in regions of complex topography and short
time scales, especially less than 3 h. Perkins et al. (2007)
proposed a metric to measure the ability of a model to sim-
ulate the full observational distribution of a climate vari-
able. This methodology enables us to direct our analysis
towards a specific segment of the PDF, for example, its
tails, making possible to study low-probability events that
are not reflected in the mean. Soares and Cardoso (2018)
combined the definition of AV proposed by Di Luca et al.
(2016) and the definition of model skill proposed by Perkins
et al. (2007) to create a new metric called DAV (Distributed
Added Value) that provides a normalized measure of the
added value in relation to the gain associated with down-
scaled simulations, comparing the PDFs of the RCMs and
GCMs with observations. The results showed positive AVs
for precipitation throughout the European region, specifi-
cally where convective processes are relevant, such as the
Alps or Iberian Peninsula. In that line, Ciarlo et al. (2021)
applies a point-by-point analysis of PDFs to spatially assess
the added value of a RCM, including both a comprehensive
representation of the characteristics of a variable and its geo-
graphical variation. Quantifications of the PDF-based AV
indicate that higher AV values are obtained at the tails ends
of the distribution for the precipitation variable.

Common outcomes are reported in the literature (Feser
2006; Prein et al. 2016; Fantini et al. 2018; Di Luca et al.
2016; Torma et al. 2015; Ciarlo et al. 2021; Qiu et al. 2020).
First, the increase of AV with spatial resolution is associated
with a better representation of topographic features. This
results in a significant increase in AV in regions with com-
plex topography, such as mountainous or coastal areas. Sec-
ondly, it is emphasized that there is a substantial improve-
ment in AV even when the RCMs have been upscaled to
the GCM grid. This means that the better performance of
the RCM is due to a better representation of the physical
processes and not to the disaggregation of the large-scale
forcing. In addition, they all point out the importance of hav-
ing high-quality observational data due to the impact they
have when computing the AV index, especially significant in
the tails of the distribution (Ciarlo et al. 2021) which makes
accurate analysis limited in many regions of the globe.

The high-mountain region of the Pyrenees spans from
the Cantabrian to the Mediterranean coast having a climate
of both Atlantic and Mediterranean influence. It is a par-
ticularly vulnerable region to climate change with impacts
on essential sectors such as water management or tour-
ism (Amblar-Francés et al. 2020). Until present, the Pyr-
enees have not been considered separately when evaluating
the benefits or losses of using high versus low resolution

@ Springer

models. In this work, the assessment of AV in the Pyrenees
is performed, considering the entire mountain region as the
area of interest and focusing on the performance of RCMs
versus GCMs.

2 Materials and methods

2.1 Data

In this study, the added value method proposed by Ciarlo
et al. (2021) was applied to quantify the gain or loss rep-
resenting a variable when using RCMs or GCMs in the
Pyrenees region (41°N—-44°N, 2.5°W-3.5°E). This metric
is based on the Probability Distribution Function (PDF) of
each grid point providing a spatial distribution of the added
value over the study area. It combines the spatial downscal-
ing signal described by Giorgi et al. (2009) and the spatial
correlation skill mentioned in Rummukainen (2016) allow-
ing a spatial analysis over the whole PDFs. Daily precipita-
tion (“pr”’), maximum temperature (“tmax”), and minimum
temperature (“tmin”’) were analyzed using a high-resolution
observational dataset against a set of RCMs and GCMs. Fur-
thermore, the orography (“orog”) variable from model simu-
lations was considered to further investigate the relationship
between the added valued and the elevation.

CLIMPY observational dataset covering the Pyrenees
(Cuadrat et al. 2020) was used as reference with a spatial
resolution of 1 km X 1 km on a daily basis covering the
period 1981-2015. It is a reconstruction (Serrano-Notivoli
et al. 2017) of the variables based on the information from
1343 meteorological stations located in Spain, France, and
Andorra. This dataset was created in the framework of
the transboundary project CLIMPY and has already been
validated in different studies (Amblar-Francés et al. 2020;
Lemus-Canovas and Lopez-Bustins 2021).

We evaluated the EURO-CORDEX ensemble (Jacob
et al. 2014, 2020), with a total of 72 RCM simulations
(Table 1) and a spatial resolution of 0.11°. These simula-
tions cover a time period of 130 years and are available for
different Representative Concentration Pathways (RCP4.5,
RCPS8.5, and RCP2.6). This analysis focuses on the period
from 1980 to 2015. Data from 1980 to 2005 is extracted
from historical simulations, while data from 2005 to 2015
comes from simulations under the RCP85 emission scenario.
These simulations consist of two models, the RCM and the
driver model, the GCM (with a resolution of 1.00°), form-
ing an incomplete matrix of 12 RCMs and 8 GCMs (Fig. 1).

In this study, the data will undergo interpolation onto two
rectilinear grids with resolutions of 0.11° and 1.00°, corre-
sponding to the RCM and GCM models, respectively. Inter-
polation to the finer resolution (0.11°) was accomplished
using the distance-weighted average remapping method
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Fig. 1 Topography for the Pyrenean analysis region at the two resolu-
tions investigated in this work: top (0.11°) and bottom (1.00°)

(Ciarlo et al. 2021; Fantini et al. 2018; Torma et al. 2015)
implemented in the Climate Data Operators software (CDO,
https://code.zmaw.de/projects/cdo). This method, as noted
by Torma et al. (2015), yields the most consistent spatial
patterns across different resolutions. Additionally, the analy-
sis incorporates evaluation at the native resolution of the
GCMs, where all data (including observations and RCMs)
are upscaled to a 1.00° grid. This approach, as highlighted
by Terzago et al. (2017) and Vautard et al. (2021), mitigates
the impact of horizontal resolution on the performance of
coarser-scale climate models. Spatial interpolation for this
step utilize conservative remapping, also available within
CDO.

2.2 Methodology

For each grid point the PDF of the daily events (including
dry events for precipitation) were computed, over the period
1981-2015 for each variable in the observations, RCMs, and
GCMs. To ensure the consistency in the bin size across all
three datasets and for each variable, a bin size of 1 mm/day
for the precipitation variable as in Ciarlo et al. (2021) and
a 0.5 °C for the minimum and maximum temperature vari-
ables as in Perkins et al. (2007), were selected.

Then, the Relative Probability Difference (D,,) was
computed following the methodology defined in Ciarlo
et al. (2021) by (1), which provides information about the
discrepancies that exist between the distributions of the

observations and the models, whether GCM or RCM. That
is, a higher (lower) value of D,, means a worse (better)
performance of the model
erzl [Ny — No)|Av
2 (NoAv)

M = (H
where N, and N,, are, respectively, the number of events for
the GCM or RCM and observations per bin, and Av is the
bin size of the variable. Two values for D;,, namely Dgy,
and D, for the RCM and GCM simulations, respectively,
were obtained.

Hence, the Added Value (AV) index is defined as the
difference between both estimates of D,, as shown in (2),
previously defined in Ciarlo et al. (2021). A positive (neg-
ative) AV value represents an improvement (worsening)
in the results of the RCM in relation to the GCM when
representing the probability distribution of the variable

AV = Dgey — Dreu- 2

Note that, for the exceptional case when the GCM does
not simulate events for a specific bin (for instance, at the
tails of the distribution, i.e., extreme values), N, will be
zero, while the value of N, and Ny, may not. In this situ-
ation, the value of D, will always be equal to 1, while
Dgcyy could exceed this value, which significantly disturbs
the AV calculation by obtaining misleading negative AV
values. Hence, a conditional assumption is applied. In this
scenario, if N, is equal to zero for a particular bin, yet
Ngcy and N, are both non-zero, the Dy, value for that bin
is zero. This approach guarantees a positive contribution to
the AV index in these cases. The inverse condition, namely,
the cases where both N, and N, are non-zero while Ny,
equals zero, has not been considered. This omission arises
from the negligible number of instances relative to the total
number of events, accounting for less than 0.01%.

To shed light on the relationships between AV and
elevation, the linear relationship was calculated with
the Pearson correlation coefficient. A 95% level of sig-
nificance, corresponding to a p value equal to 0.05 was
considered and computed as follows: for a given sample
with correlation coefficient r, the p-value is the probability
that the absolute value of the correlation coefficient (|7/|)
of a random sample x’ and y’ drawn from the population
with zero correlation would be greater than or equal to
the absolute value of the given sample (Irl) (https://docs.
scipy.org/doc/scipy/reference/generated/scipy.stats.pears
onr.html). For this calculation, we considered the AV and
orography matrix of each RCM member. Consequently,
those members lacking orography information (Table 1)
were excluded from the analysis.
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Table 1 EURO-CORDEX
RCM ensemble members and
their corresponding driving
GCMs used for this analysis

@ Springer

Institution/driving model Member Code RCM Variables
CCCma-CanESM2 rlilpl 1 CLMcom-CCLM4-8-17 pr; tmin; tmax; orog
CCCma/CanESM2 rlilpl 1 GERICS-REMO2015 pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 CLMcom-CCLM4-8-17 pr; tmin; tmax
CNRM-CERFACS/CNRM-CM5  rlilpl 2 CLMcom-ETH pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 CNRM-ALADING63 pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 DMI-HIRHAMS pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 GERICS-REMO2015 pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 IPSL-WRF381P pr; tmin; tmax
CNRM-CERFACS/CNRM-CM5  rlilpl 2 KNMI-RACMO22E pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 MOHC-HadREM3-GA7-05 pr; tmin; tmax; orog
CNRM-CERFACS/CNRM-CM5  rlilpl 2 RMIB-UGent-ALARO-0 pr
CNRM-CERFACS/CNRM-CM5  rlilpl 2 SMHI-RCA4 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 CLMcom-CCLM4-8-17 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 CLMcom-ETH pr; tmin; tmax
ICHEC/EC-EARTH rl2ilpl 4 DMI-HIRHAMS pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 GERICS-REMO2015 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 ICTP-RegCM4-6 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 IPSL-WRF381P tmin; tmax
ICHEC/EC-EARTH rl2ilpl 4 KNMI-RACMO22E pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 MOHC-HadREM3-GA7-05 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 SMHI-RCA4 pr; tmin; tmax; orog
ICHEC/EC-EARTH rl2ilpl 4 UHOH-WRF361H pr; tmin; tmax
ICHEC/EC-EARTH rlilpl 3 CLMcom-ETH pr; tmin; tmax
ICHEC/EC-EARTH rlilpl 3 DMI-HIRHAMS pr; tmin; tmax; orog
ICHEC/EC-EARTH rlilpl 3 KNMI-RACMO22E pr; tmin; tmax; orog
ICHEC/EC-EARTH rlilpl 3 SMHI-RCA4 pr; tmin; tmax; orog
IPSL/IPSL-CM5A-MR rlilpl 6 DMI-HIRHAMS pr; tmin; tmax
IPSL/IPSL-CM5A-MR rlilpl 6 GERICS-REMO2015 pr; tmin; tmax; orog
IPSL/IPSL-CM5A-MR rlilpl 6 IPSL-WRF381P pr; tmin; tmax
IPSL/IPSL-CM5A-MR rlilpl 6 KNMI-RACMO22E pr; tmin; tmax; orog
IPSL/IPSL-CM5A-MR rlilpl 6 SMHI-RCA4 pr; tmin; tmax; orog
MIROC/MIROCS5 rlilpl 7 CLMcom-CCLM4-8-17 pr; tmin; tmax; orog
MIROC/MIROCS5 rlilpl 7 GERICS-REMO2015 pr; tmin; tmax; orog
MIROC/MIROCS rlilpl 7 UHOH-WRF361H pr
MOHC/HadGEM2-ES rlilpl 5 CLMcom-CCLM4-8-17 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 CLMcom-ETH pr; tmin; tmax
MOHC/HadGEM2-ES rlilpl 5 CNRM-ALADING63 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 DMI-HIRHAMS pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 GERICS-REMO2015 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 ICTP-RegCM4-6 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 IPSL-WRF381P pr; tmin; tmax
MOHC/HadGEM2-ES rlilpl 5 KNMI-RACMO22E pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 MOHC-HadREM3-GA7-05 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 SMHI-RCA4 pr; tmin; tmax; orog
MOHC/HadGEM2-ES rlilpl 5 UHOH-WRF361H pr; tmin; tmax
MPI-M/MPI-ESM-LR rlilpl 8 CLMcom-CCLM4-8-17 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 CLMcom-ETH pr; tmin; tmax
MPI-M/MPI-ESM-LR rlilpl 8 CNRM-ALADING63 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 DMI-HIRHAMS5 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 ICTP-RegCM4-6 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 IPSL-WRF381P pr; tmin; tmax
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Table 1 (continued)

Institution/driving model Member Code RCM Variables
MPI-M/MPI-ESM-LR rlilpl 8 KNMI-RACMO22E pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 MOHC-HadREM3-GA7-05 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 MPI-CSC-REMO0O2009 pr; tmin; tmax
MPI-M/MPI-ESM-LR rlilpl 8 SMHI-RCA4 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR rlilpl 8 UHOH-WRF361H pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR r2ilpl 9 CLMcom-ETH pr; tmin; tmax
MPI-M/MPI-ESM-LR r2ilpl 9 MPI-CSC-REMO2009 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR r2ilpl 9 SMHI-RCA4 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR r3ilpl 10 CLMcom-ETH pr; tmin; tmax
MPI-M/MPI-ESM-LR r3ilpl 10 GERICS-REMO2015 pr; tmin; tmax; orog
MPI-M/MPI-ESM-LR r3ilpl 10 SMHI-RCA4 tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 CLMcom-ETH pr; tmin; tmax
NCC/NorESM1-M rlilpl 11 CNRM-ALADING63 pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 DMI-HIRHAMS pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 GERICS-REMO2015 pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 ICTP-RegCM4-6 pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 IPSL-WRF381P pr; tmin; tmax
NCC/NorESM1-M rlilpl 11 KNMI-RACMO22E pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 MOHC-HadREM3-GA7-05 pr; tmin; tmax; orog
NCC/NorESM1-M rlilpl 11 SMHI-RCA4 pr; tmin; tmax; orog

The column “Variables” includes the variables that have been taken into account for each of the members
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3 Results
3.1 Added Value for the entire PDFs

Figure 2 illustrates the relative probability difference
(Dyy; (1)) of the RCM and GCM ensemble means, and the
resulting added value index (AV in (1)) for the three ana-
lyzed variables. Regarding precipitation, the Dy, exhibits
values between 0.2 to 0.4 uniformly distributed across the
region. In contrast, D, displays a latitudinal gradient
with higher values on the southern slope of the moun-
tain range (~ 0.7) and lower values on the northern part
(~ 0.3). Consequently, the resulting AV index indicates
better performance of the RCMs with notable improve-
ment in the central zone of the southern slope where the
GCM ensemble-mean performs poorly.

In terms of minimum temperature, homogeneous values
of the Dy, ensemble mean across almost the entire moun-
tain range were observed. This contrasts with the values of
Dy Which exceed 0.8 in the highest regions as well as
on the eastern area of the southern slope. Consequently, a
significantly high AV is observed in these areas, where the
GCM ensemble mean exhibits inadequate performance.
The results for maximum temperature demonstrate a
similar pattern, but with some distinctions. Although the
Dy 1s also higher in high-elevation regions, it is more

D RCM

D GCM

localized compared to the case of minimum temperature,
suggesting that, overall, the GCM ensemble mean repre-
sents maximum temperatures more accurately than mini-
mum temperatures. The AV for maximum temperature
reaches its highest values in the central region, surrounded
by values close to 0.

Figure 3 exhibits a parallel structure to Fig. 2, albeit with
data upscaled to the native resolution of the GCM (1.00°).
Remarkably, the findings for both D and AV remain consist-
ent across the two resolutions. However, due to the coarse
spatial resolution and the relatively small coverage area of
the Pyrenees, our analysis is confined to a grid of only five
cells. Despite this limitation, the obtained information aligns
with the spatial distribution depicted in Fig. 2. In the case
of precipitation, the AV at 1.00° resolution shows maximal
values in the western sector of the mountain range. This
phenomenon is related with a poor GCM performance, as
evidenced by high D, values. Conversely, for tmin, the
highest AV is observed in the central-eastern area of the
Pyrenees, corresponding to the region of highest elevation
(Fig. 1). Finally, for tmax, AV values are notably lower, with
instances of negative values occurring in the lower altitude
zones of the mountain range.

The conclusions derived from analyzing the ensemble
mean overlook the signals provided by each individual mem-
ber. Figures A1-A3 present the AV a 0.11° for the individual
members in a matrix format, where the rows represent the
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Fig.3 Relative probability difference (D,, in (1)) of the RCM (left
column) and the GCM (middle column) and the added value (AV in
(2); right column) of the ensemble means at 1.00° resolution, for pre-
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GCM driver and the columns represent the RCM. Similarly,
Figs. A4—A6 present this same information but for the cal-
culation performed at a resolution of 1.00°. The results are
consistent for both fine and coarse resolution. Concerning
precipitation, the AV demonstrates a stronger dependence on
the GCM rather than the RCM, aligning with the findings of
Ciarlo et al. (2021) and Di Luca et al. (2016). The groups of
models driven by CanESM (Code 1), CNRM (Code 2), and
NCC (Code 11) exhibit the highest AV, while the models
driven by MPI (Codes 8 and 9) yield lower AVs, occasion-
ally even showing negative values, meaning that MPI GCMs
(Codes 8 and 9) have an excellent performance over the Pyr-
enees. The spatial distribution of the AV in all members
follows a consistent pattern observed in Fig. 2, with lower
AV values in higher-elevation areas of the mountain range.
Regarding temperatures, the predominance of the GCMs in
the AV result is less evident. However, for both minimum
and maximum temperatures, the models driven by CNRM

(Code 2) show lower AVs at both resolutions, which in the
case of coarse resolution is also evident for the EC-EARTH
GCM (Codes 3 and 4). In the case of minimum temperature,
the contribution of the RCMs to the AV signal is especially
noticeable, particularly with the RCM models RCA4 and
RACMO22E, which have a negative influence on represent-
ing the variable’s mean. Conversely, in the case of maximum
temperature, the RCM model REMO2019 positively shapes
the AV signal, particularly at 0.11° resolution.

3.2 Added value for percentile intervals

It is particularly important to focus on specific intervals
of the PDF to gain insights into how the models perform
in the tails of the distribution, which are associated with
unusual events. Figure 4 provides a visual representation
of the AV index at 0.11° resolution as a function of per-
centile intervals. Two approaches are considered: one with
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and the ensemble and its spatial variability (blue) of the added value
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CLIMPY percentiles for “pr” (¢), “tmin” (f) and “tmax” (i)
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0 percentile as the lower limit of the interval (0—x) and
another with 100 percentile as the upper limit (x—100).
The percentiles are varied from 1 to 100 in the first case
and from 99 to O in the second case. Figure 4 displays
two curves: the orange line represents the average AV
index of all members as a function of percentile, while
the orange shading represents inter-member variability;
the blue curve, on the other hand, illustrates the evolution
of the AV index of the ensemble mean shown in Fig. 2 as
a function of percentile. The blue line represents the spa-
tial average for the entire region, while the blue shading
represents spatial variability.

In terms of precipitation, the AV index gradually
increases for the 0—x case, indicating a lower AV at the left
end of the distribution, which corresponds to minimum
precipitation values (< 1 mm/day), including dry events.
This observation is corroborated when considering the
x—100 case, where overall, the AV values are higher com-
pared to the 0—x case. Furthermore, as the 100th percen-
tile was approached, the AV index increases. These results
suggest that RCMs struggle to accurately represent events
located in the left extreme of the precipitations PDF. In the
90-100 interval, a minimum in the AV index is observed,
followed by a slight increase. To gain a better understanding
of this trend, Fig. 4c includes the probability density func-
tions (PDFs) of all members and observations. The PDFs
demonstrate that all members (RCMs and GCMs) overes-
timate low-intensity events, a characteristic linked to the
well-known drizzle phenomenon: both RCMs and GCMs
exhibit a pattern of background light rain events persisting
throughout the year, yet they inadequately capture episodes
of zero rainfall (Coppola et al. 2021; Kédmir#inen et al. 2018;
van Meijgaard and Crewell 2005). From 10 mm/day values
and onwards, which corresponds to the 90th percentile, the
GCMs start to underestimate precipitation, while the RCMs
remarkably reproduce the PDF of the observations. The
inflection point occurs around the 90th percentile, where
the curve of the observations intersects with the curves of
the GCMs. This intersection explains the existence of the
minimum in Fig. 4b at the 90th percentile.

Both maximum and minimum temperatures exhibit simi-
lar behavior. In the 0—x interval, the AV index reaches very
low values, stabilizing around —0.2 when x is below the 20th
percentile in both cases. The orange shaded areas represent
the variability among members, which is considerable in
intervals with x < 20. This indicates that the members con-
sidered present diverse AV values, ranging from positive to
negative values. The spatial variability (shaded in blue) fol-
lows the same pattern. In the O—x intervals where x < 20, the
shaded area exhibits significant amplitude. In summary, this
suggests that the AV index will vary considerably depending
on the spatial location and RCM member in the lower tails
of the temperature distribution.
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Conversely, in the x—100 interval, the AV index increases
in the right tail of the distribution when the 100th percentile
is included. These results indicate that dynamical downscal-
ing provides added value in the right tail of the maximum
and minimum temperature distribution, corresponding to the
warm events of both temperatures. However, it diminishes
the quality of the simulation in the left tail of the distribu-
tion, which represents the minimum temperature values,
associated with cold events.

In terms of the temperature PDFs (Fig. 4f, 1), it is worth
noting that they exhibit a similar shape to the observations,
with improvements observed in the fit for the RCMs. The
GCMs consistently overestimate the maxima and underesti-
mate the minima of both temperatures, although the dynamic
downscaling corrects the overestimation for the maxima. In
the lower tail of the distribution, however, the RCMs overes-
timate the number of minimum events for both temperatures,
resulting in negative AV values (Fig. 4d, g).

Figures 5, 6 and 7 provide insights into the spatial distri-
bution of the AV of the ensemble mean for specific intervals,
and these results align with the trends observed in Fig. 4. In
the case of precipitation (Fig. 5), there is a gradual increase
in AV for the O—x interval, as depicted in Fig. 4a. Further-
more, the x—100 interval exhibits higher AV values com-
pared to the 0—x interval, confirming the observations in
Fig. 4b and indicating a very low AV near the zero percen-
tile. When considering the spatial distribution of AVs, lower
values are observed in the higher regions of the mountain
range. As x increases, these regions expand and decrease in
value, occasionally reaching negative values in certain areas.
Consequently, a minimum AV occurs at the 90th percentile,
which corresponds to the intersection between the PDFs of
the GCMs and RCMs (Fig. 4c¢).

The detection of low AV at high elevations may be
linked to deficiencies in precipitation observations within
these areas. In high-mountain regions, such as the Pyrenees,
lower station density is prevalent due to their remote loca-
tions (Isotta et al. 2014). Coupled with the lack of calibration
for under-catch gauges, which can lead to underestimation
of precipitation, particularly in windy and snowy conditions,
the observations may not accurately represent the precipita-
tion patterns in higher elevation regions (Adam and Letten-
maier 2003; Torma et al. 2015). These observation biases
have the potential to influence the AV index, thereby limiting
the reliability of the results at high altitudes.

Figure 5 also reveals an interesting feature of the AV
index within the 99.9-100 interval, where a decrease in
AV across the entire region is observed. This phenom-
enon occurs due to the small number of events within this
interval, each event being classified into bins based on its
magnitude. Although dynamical downscaling improves the
representation of the upper tail of the distribution, it strug-
gles to accurately predict the magnitude of these rare events,
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causing them to be placed in different bins compared to the
observations. Consequently, when comparing the frequency
of events in each bin, the AV decreases. Given the minimal
number of events, this does not significantly impact the over-
all AV index of the PDF.

The results for minimum and maximum temperatures in
Figs. 6 and 7 also exhibit consistency with Fig. 4b, c. The
right tail of the distribution, which corresponds to minimum
events, demonstrates a very low AV. The AV remains con-
sistently low throughout the evolution of the interval, but
when reaching the 90-100 range, it experiences an exponen-
tial increase, yielding considerably high values in the cen-
tral region of the mountain range. This positive AV signal
aligns with the mean spatial distribution depicted in Fig. 2.
In essence, the presence of positive mean AV values for both
maximum and minimum temperatures is influenced by the
AV of the upper end tail of the distribution.

The most notable distinction between the evolution of
the AVs for minimum and maximum temperatures lies in
their spatial extent. In the case of minimum temperature,
the positive AVs cover a larger area and reach higher values.
Conversely, the positive AVs associated with maximum tem-
perature remain more localized within the higher elevations
of the mountain range, surrounded by negative AVs.

3.3 Added value evolution with orography
Considering the apparent correlation between the AV index
and elevation, Fig. 8 provides insight into the correla-

tions between the AV mean and elevation for the Pyrenean
region, allowing for a more comprehensive exploration of
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their spatial relationships. The scatter plot of precipitation
(Fig. 8.a) shows a negative relationship between ensemble
mean AV and elevation, although the AV remains positive
for the entire elevation range, consistent with Fig. 2. Like-
wise, precipitation demonstrates a widespread negative cor-
relation across nearly all members (Fig. 8b), implying that
as elevation increases, the AV index tends to decrease. This
findings aligns with the outcomes obtained in Sects. 3.1 and
3.2, suggesting that while remains positive across the entire
region there is a limitation of AV at higher elevations poten-
tially related to constraints within the observational dataset
at these altitudes. The set of models driven by CanESM2
(Code 1) exhibits notable positive correlation values, which
can potentially be attributed to the widespread misrepre-
sentation of precipitation by this GCM that is significantly
improved through the dynamical downscaling process across
the entire region.

Conversely, the relationship between AV and elevation
for both temperatures demonstrate positive values, imply-
ing higher AV in the elevated regions. However, there are
some distinctions in the scatter plots of tmax and tmin
(Fig. 8a): while the AV for the tmax ensemble mean does
not show a clear increase with elevation from 0 to 1500 m,
beyond 1500 m, there is a significant rise. In the case of
tmin the positive relationship of AV and elevation is con-
stant for the whole elevation range. Similarly, the correlation
coefficients of the individual members are also generally
positive (Fig. 8b). This observations align with the findings
illustrated in Figs. 6 and 7. However, it is worth noting that
there are some exceptions where negative correlation coef-
ficients are observed. Specifically, in the model group driven
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by CNRM (Code 2) and by EC-EARTH (Codes 3 and 4),
these negative correlations can be attributed to the excellent
performance of the GCM, which limits the RCM’s ability to
improve the representation of the variable AV in those cases.

Figure 9 shows the evolution of the correlation coeffi-
cients between AV and elevation as a function of the per-
centile intervals, following a similar approach of Fig. 4.
The evolution of the AV of precipitation remains constant.
However, the temperature results lead us to the conclusion
that the positive correlations observed for the entire PDF
(Fig. 8) are influenced by the upper tail of the distribution.
This indicates that dynamic downscaling enhances the rep-
resentation of warm events in the higher regions. However,
negative correlation values were noted in the lower end of
the temperature distributions. This, combined with the low

0.1 03 05 07 09

and the GCMs (y axis) expressed as the codes defined in Table 1.
Asterisk (*) indicates a statistically significant correlation at 95%
from t-Student test.e and minimum temperature. Asterisk (*) indi-
cates a statistically significant correlation at 95% from t-Student test

AV values of the temperatures in the lower tails (Fig. 4d,
g, 6, 7), suggests that the inadequacy of the lowest tails of
representation of the temperatures by the RCMs is primarily
located in the high altitude regions.

4 Discussion

There is a clear positive added value of using high-resolution
RCMs derived from a dynamically downscaling of low-res-
olution GCMs, rather than using the latter, particularly in
relation to precipitation at both resolutions: at 0.11° (Fig. 2)
and at 1.00° (Fig. 3). This finding aligns with previous stud-
ies analyzing precipitation at European scale, including top-
ographically complex regions such as the Alpine Range and
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Fig.9 The variability of the correlation coefficients between AV
index (AV in (2)) compared to CLIMPY, and elevation at differ-

ent percentile intervals for “pr”, “tmin” and “tmax”. Each point x

the Iberian Peninsula, among others (Careto et al. 2022b;
Terzago et al. 2017). The improvement of simulating pre-
cipitation in the RCMs can be attributed to a better represen-
tation of topographically induced local circulation due to an
increase in the spatial resolution (Careto et al. 2022b). Also,
Prein et al. (2016) suggested that this positive AV stems
from a more accurate depiction of precipitation in areas
influenced by prevailing westerly winds, particularly evi-
dent during winter months when synoptic-scale flow plays
a dominant role in the European sector. This is consistent
with our results showing an increase in the AV index, par-
ticularly in the western part of the Pyrenees where westerly
disturbances coming from the Atlantic Ocean contribute the
most to winter precipitation.

Similarly, in the case of maximum and minimum tem-
peratures, a positive AV is identified when using RCMs,
particularly in higher elevation areas of the Pyrenees in both
resolutions (Figs. 2 and 3). Specifically, a more extensive
positive AV is observed for minimum temperatures com-
pared to the maximum temperatures which is consistent
with the conclusions drawn by Cardoso and Soares (2022),
who found larger positive AVs for the minimum tempera-
ture than for the maximum temperature in Europe. The high
AV values for minimum temperatures can be attributed to
the GCMs’ potential misrepresentation of orographically
induced minimum temperatures, which are automatically
rectified by considering topographic features more accu-
rately through resolution refinement (Perkins et al. 2007).
In fact, Di and Ramo (2013) established that the potential
added value of 2-m temperature provided by RCMs in the
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describes the correlation coefficient of the percentile interval “0—x”
(up), and “x—100" (down). The shaded area shows the standard devia-
tion of the members

North American region, particularly in areas with complex
topography, could be directly attributed to more than 65%
of orographically induced simple interactions. Specifically,
this pertains to the general correlation between temperature
and terrain elevation. Thus, a more detailed representation
of elevation gradients would significantly enhance the tem-
perature portrayal of GCMs, even in the absence of fine-
scale atmospheric processes. Consequently, it remains to be
determined the extent to which the achieved AV might be
mitigated by considering the simple relationships between
high-resolution surface forcing and the low-resolution maxi-
mum and minimum temperatures. Additionally, Cardoso and
Soares (2022) suggest that positive AV values for maximum
temperatures over the Iberian Peninsula are associated with
improved representations of precipitation and snow, mainly
regarding the better representation of snow free surfaces.

It is important to note that significant variations exist in
the signals of individual members (Figs. A1-A6) at both
resolutions, indicating substantial dependence of the AV on
the driving GCM. This behavior underscores the notion that
the quality of the GCM driver may limit the RCM’s ability
to enhance the representation of the variable. In the case of
precipitation, the excellent performance of the MPI-ESM-
LR model (Codes 8 and 9; Brands et al. 2013) leads to lower
AV values. However, for the EC-EARTH GCM (Codes 3
and 4), characterized by good precipitation representations
(Dgey = 0.32 and 0.29 respectively for 0.11° resolution), the
downscaling continues to yield significant AV values. This
observation suggests the presence of other influential factors
shaping the relationships between the AV and the models.
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One such factor may involve the accurate or deficient posi-
tioning of storm tracks by the GCMs. Dynamic downscaling
holds promise for enhancing precipitation characterization,
provided the GCM accurately identifies the positioning
of storm tracks. However, if the GCM fails to do so, the
potential AV of the RCM may be limited. Indeed, Zappa
et al. (2013) highlight the importance of correct storm track
positioning for the EC-EARTH GCM (Codes 3 and 4). Con-
versely, the H.IdGEM GCM (Code 5) exhibits similar D,
values (0.27) to EC-EARTH, yet dynamic downscaling does
not lead to an improved variable characterization, resulting
in a lower AV. This discrepancy could be attributed to the
model’s poor positioning of storm tracks during the sum-
mer months at the longitudes of the study area (Zappa et al.
2013). Likewise, for both minimum and maximum tempera-
ture, GCMs with better performance, such as CNRM-CM5
(Code 2; McSweeney et al. (2015)), restrict the AV achieved
through dynamic downscaling using RCMs. In other words,
a low Dy, indicating a better variable representation by
the GCM, constrains the RCMs’ capacity to improve upon
that representation, resulting in diminished AVs. Despite
the nuanced character of the improvements brought about
by downscaling in this context, they remain pertinent in cer-
tain instances. For instance for the 0.11° resolution, in the
CNRM+CLMcom-ETH model, low and comparable D,
values are observed for both tmax and tmin, standing at 0.31
and 0.33, respectively. However, while the AV of downscal-
ing for tmax is nearly zero (—0.007), for tmin it stands at
0.12, signifying a noteworthy enhancement in variable rep-
resentation. Similarly, the EC-EARTH driver exhibits Dgcm
values around 0.41 for both temperature variables and the
RCM RCA4 manages to improve tmax representation by
0.03, while the AV for tmin approaches zero.

The employed methodology allows for a more in-depth
examination of AV through different intervals of the prob-
ability density function (PDF). It is observed that all GCMs
consistently underestimate high rainfall events, while exhib-
iting an overrepresentation of light rainfall events (Fig. 4¢),
as also been highlighted by Perkins et al. (2007). RCMs
succeed in significantly improving the representation of
events above the 90th percentile, as reflected in the AV’s
evolution relative to the percentile, particularly evident in
the x—100 case (Fig. 4b). However, for precipitation rates
below 10 mm/day, RCMs record higher precipitation values
than observations, resulting in an intersection between the
PDF of observations and the PDFs of RCMs. This inter-
section is also evident in Fig. 4b, manifesting a minimum
in the AV (Ciarlo et al. 2021). Consequently, RCMs face
challenges in representing light rainfall events and dry
events (Boberg et al. 2009, 2010; Soares and Cardoso 2018;
Careto et al. 2022b). It is important to acknowledge that
while these limitations in reproducing minimum precipita-
tion events exist, they are unlikely to significantly influence

the characterization of total precipitation. This is because
such events typically contribute minimally to the overall
precipitation amount (Dai 2001).

At the spatial level (Fig. 5), the lowest AV values within
percentile intervals (0-50, 0-75, 0-90) are concentrated in
the easternmost extremity of the mountain range, charac-
terized by a Mediterranean climate (Lemus-Canovas et al.
2019), where water recycling through soil moisture-atmos-
phere feedback plays a critical role (RiosEntenza et al. 2014;
Careto et al. 2022b), due to the importance of the contri-
bution of evapotranspiration in the precipitation regime,
especially in the summer months, which could lead to an
overrepresentation of light precipitation events.

Further exploration of the contributions of PDF intervals
to temperature AV reveals that while the AV remains close
to zero around the mean values of the PDF, it is the tails ends
of the temperature PDFs that shape the signal. GCMs tend to
overestimate higher percentile events while underestimating
the lower tail events (Fig. 4f, i), in line with the findings of
Perkins et al. (2007). Dynamical downscaling significantly
improves the representation of upper tail extremes in both
maximum and minimum temperatures, primarily over the
central region of the Pyrenees characterized by higher eleva-
tions. Moreover, greater benefits are observed for minimum
temperatures compared to maximum temperatures (Cardoso
and Soares 2022). Conversely, there is a general decline in
the representation of lower tails for both temperatures, indi-
cating that dynamical downscaling has a negative effect on
simulating cold extremes. Additionally, difficulties arise in
representing accurately near-freezing temperatures (Fig. 4f,
i), leading to an overestimation of maximum and minimum
temperatures close to 0°C, as also noted by Careto et al.
(2022a). These deficiencies in RCMs are associated with
problems in simulating snow dynamics and its interactions,
influencing snow-albedo feedback and surface flux partition-
ing. Terzago et al. (2017) reported thicker snowpack over
the alpine ridge and shallower snowpack in lower eleva-
tion regions simulated by RCMs compared to observational
datasets. Such biases in snowpack representation likely
contribute to biases in simulated snow-albedo feedback and
surface temperatures (Minder et al. 2016). These biases in
extreme minimum temperatures manifest as negative AV
values at the left extreme of the PDF for both temperatures,
spreading across the entire Pyrenees area. An additional
significant aspect of the added value regarding maximum
and minimum temperatures is the presence of inter-member
variability within the extreme tails of the distribution. This
variability is closely linked to the GCMs’ ability to simulate
temperature patterns.

The findings additionally reveal significant correlations
between AV values and orography in the Pyrenees region,
emphasizing the significance of elevation when assessing
the performance of climate simulations (Reder et al. 2020).
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The negative correlation values point to a negative AV in
high-altitude regions specially in high precipitation rates,
potentially indicating the limited quality of observations at
these points (Torma et al. 2015). Concerning temperatures,
there exists a positive correlation at the right tail of the dis-
tribution, indicating that high AV values are concentrated in
high-elevation regions in warm events. Conversely, a nega-
tive correlation in the left tail suggests that, for cold events,
higher-altitude regions yield lower AV values.

5 Summary and conclusions

This study presents a comprehensive assessment of the
added value provided by Regional Climate Models (RCMs)
compared to Global Climate Models (GCMs) in the high
mountain region of the Pyrenees for the variables precipita-
tion, minimum temperature, and maximum temperature. To
conduct this analysis, the CLIMPY observational database
as a reference was employed. The assessment delves into
both the spatial distribution of added value as well as the
contribution of Probability Distribution Function (PDF)
intervals of the analyzed variables to the overall added value.

The results obtained highlight a significant enhancement
achieved through dynamical downscaling in accurately
reproducing mean precipitation across the central and
southwestern parts of the mountain range. Notably, these
regions are influenced by westerly disturbances that play
a key role in shaping the precipitation regime. The mean
maximum and minimum temperatures also exhibit positive
added values, particularly evident in the higher elevations of
the Pyrenees and are potentially related to the spatial resolu-
tion refinement.

Examining the contributions of individual model mem-
bers to the added value reveals a significant dependence on
the quality of the GCM simulation. This dependency implies
that the GCMs limits the RCMs capacity to enhance the
representation of these variables effectively.

Analyzing the precipitation through PDF intervals
uncovers that dynamical downscaling enhances precipita-
tion events exceeding the 90th percentile, while hampers
to adequately represent lower precipitation rates, notably
in the eastern region where a Mediterranean climate pre-
vails. The overestimation of low precipitation rates likely
stems from an inadequate representation of water recycling
through moisture—atmosphere feedback by RCM models.
Negative added value values are registered in the higher
Pyrenean regions, potentially attributed to observational
data deficiencies.

Regarding the temperature percentile intervals, the
impact of downscaling becomes particularly apparent at
the extremes. These extreme events also exhibit ampli-
fied spatial and inter-member variability. RCMs showcase
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an improved ability to capture warm events in the high-
est regions compared to GCMs. Conversely, dynamical
downscaling’s effectiveness in representing cold extremes
is compromised, especially in the elevated areas where
snow dynamics wield more influence.

These findings underscore the significant contributions
of RCMs in accurately characterizing precipitation, mini-
mum temperature, and maximum temperature variables.
Nevertheless, it remains imperative to recognize their
limitations, thereby facilitating the responsible utiliza-
tion of RCM data for both historical periods. In addition,
this information obtained from a historical period analysis
is valuable when applying future projections of climate
models. Liang et al. (2008) claim that the main biases pre-
sent in the historical simulation of both RCMs and GCMs
are systematically propagated into the projected future
climate at regional scales, suggesting that the strengths
and weaknesses of RCMs pointed out by this study will
also be reproduced for future scenarios. Therefore, being
aware of these advantages/limitations is essential for a
more informed application of such data in the develop-
ment and implementation of adaptation plans and risk
management strategies for the future. Notably, these limi-
tations manifest themselves in the sparse portrayal of dry
and cold events by RCMs. The former could be linked
to the misinterpretation of evapotranspiration’s impact on
precipitation patterns in Mediterranean regions within the
Pyrenees. The latter could be primarily attributed to the
models’ deficiency in effectively simulating snow dynam-
ics. This challenge assumes particular significance in the
elevated regions of the Pyrenees, where snow dynamics
have a substantial influence. While the results obtained
in this analysis point towards these hypotheses, a more
specific seasonal analysis for precipitation variable would
shed more light on the potential causes.
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