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Abstract. Global climate-model projections are often too coarse to represent the spatial variability required for regional 6 

assessments. This study presents CMIP6-MedPlus, an open-access climate projection dataset for an extended Mediterranean 7 

region, available at https://doi.org/10.5281/zenodo.17898529 (Todaro et al., 2025). It provides daily precipitation and near-8 

surface air temperature at 0.25° spatial resolution for the period 1985–2100, based on five Coupled Model Intercomparison 9 

Project Phase 6 (CMIP6) Global Climate Models (GCMs) and two Shared Socioeconomic Pathways (SSP1-2.6 and SSP3-10 

7.0). CMIP6-MedPlus was generated using a statistical downscaling framework that combines deep learning–based spatial 11 

refinement with bias correction. First, a Convolutional Neural Network (CNN)-based method was applied to enhance spatial 12 

resolution: ERA5 reanalysis fields were upscaled to the GCM resolution and used to train the CNN to learn the mapping 13 

between coarse- and fine-scale representations of the same variable. The trained CNN was then applied to GCM outputs to 14 

generate more spatially detailed fields. Second, quantile delta mapping was applied to the CNN-refined fields to correct 15 

systematic biases relative to ERA5 while preserving climate change signals. The resulting dataset provides spatially consistent 16 

regional climate information suitable for climate-impact across Mediterranean and neighbouring areas and serves as a basis 17 

for subsequent refinement at basin and local scales.  18 

1 Introduction   19 

Understanding and projecting future climate change is crucial for informing effective regional and local planning and 20 

adaptation strategies. Climate models are essential tools for simulating the Earth's climate system and providing long-term 21 

climate projections. The Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016) represents the most 22 

recent fully established initiative designed to coordinate climate model experiments. It brings together a comprehensive 23 

dataset of climate projections from a wide range of state-of-the-art Global Climate Models (GCMs), offering a robust 24 

foundation for exploring future climate conditions. CMIP6 outputs contribute directly to the latest Intergovernmental Panel 25 

on Climate Change (IPCC) assessment reports (AR6, IPCC, 2023) and are increasingly used across the scientific community 26 

to assess future climate change impacts and support evidence-based policy decisions.  27 

Although CMIP6 offers unprecedented improvements in climate model capabilities and scenario diversity, its GCM outputs 28 

still lack the spatial detail required for local-scale impact studies. To overcome this limitation, downscaling techniques can 29 

be used to translate large-scale GCM outputs into more detailed, finer-scale projections. Downscaling generally follows two 30 

main approaches: dynamical downscaling and statistical downscaling.  31 

Dynamical downscaling uses Regional Climate Models (RCMs) to simulate climate processes over a regional domain, driven 32 

by boundary conditions from GCMs. RCMs represents physical processes at a finer scale, providing detailed depictions of 33 

regional climate variability. However, dynamical downscaling is computationally intensive. At present, RCM simulations 34 
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driven by CMIP6 GCMs, such as those produced within the Coordinated Regional Downscaling Experiment (CORDEX; 35 

Giorgi and Gutowski, 2015), are still underway (Gutowski Jr. et al. 2016; Katragkou et al., 2024), and their availability still 36 

lags behind that of CMIP5-based simulations (Ruti et al. 2016; Jacob et al. 2020).  37 

Statistical downscaling offers an efficient alternative to dynamical downscaling by establishing empirical relationships 38 

between large-scale climate variables and local-scale observations. Due to its flexibility and modest computational demands, 39 

statistical downscaling has been widely adopted in climate research, and various methodologies have been developed (Wilby 40 

et al. 1998; Maraun et al. 2010; Tian et al. 2014; Gutiérrez et al. 2019; Tabari et al. 2021; Labeurthre et al. 2025). Statistical 41 

downscaling methods are typically grouped into three main frameworks: Perfect Prognosis (PP), Model Output Statistics 42 

(MOS) and Weather Generators (WGs). In the PP approach, statistical relationships are established between observed large-43 

scale atmospheric predictors and observed local climate variables (predictands), where the predictors may include either 44 

physically related atmospheric variables or the predictand itself at a coarser spatial scale, according to the concept of “self-45 

predictors” (Widmann et al., 2003; Schmidli et al., 2006). These relationships are subsequently applied to predictors obtained 46 

from GCMs to produce downscaled climate projections. In contrast, MOS methods directly transform GCM outputs by 47 

statistically relating model-simulated predictors, typically consisting of the same variable as the predictand, to the local 48 

observed variable, thereby accounting for systematic model errors within the statistical adjustment (Eden and Widmann 2014). 49 

WGs, on the other hand, are stochastic models that generate synthetic time series of local weather variables from 50 

parameterizations calibrated on historical observations (Wilks and Wilby 1999). In climate change applications, these 51 

parameters are then perturbed using GCM-simulated changes, enabling the WGs to incorporate the large-scale climate signal 52 

into the locally generated sequences. Although WGs are well established in the literature (see e.g. (Maraun et al. 2019; Tabari 53 

et al. 2021; Khazaei 2024)), they remain conceptually distinct from PP and MOS. 54 

Within the PP framework, a wide range of methodologies has been developed, including traditional statistical techniques such 55 

as regression-based methods and analog methods, and more recently, advanced machine learning and deep learning 56 

approaches. Regression-based methods establish direct statistical relationships between large-scale atmospheric variables and 57 

local-scale climate variables, though they may struggle to capture non-linear dependencies and extreme events (Huang et al. 58 

2011; Şan et al. 2023). Analog methods offer an alternative non-parametric strategy based on the assumption that similar 59 

large-scale atmospheric conditions produce similar local weather. They identify historical large-scale atmospheric states that 60 

most closely resemble a given GCM-simulated pattern and use the associated observed local-scale conditions as the 61 

downscaled estimate (Zorita and Von Storch 1999; Tian and Martinez 2012; Araya-Osses et al. 2020). Machine learning (ML) 62 

has significantly advanced statistical downscaling by offering powerful tools to capture complex, non-linear relationships 63 

between large-scale predictors and local-scale predictands. Deep learning (DL) has gained prominence in statistical 64 

downscaling (Sun et al. 2024) and Convolutional Neural Networks (CNNs) are especially well suited for this task, as they 65 

learn hierarchical spatial features and complex non-linear relationships from large datasets, making them highly suitable for 66 

enhancing the spatial resolution of climate model data (LeCun et al. 2015). CNN-based approaches have been successfully 67 

applied to downscale various climate variables, demonstrating their ability to capture complex spatial structures and 68 

relationships within climate fields (Serifi et al. 2021; Rampal et al. 2022; Lin et al. 2023; Soares et al. 2024). Baño-Medina 69 

et al. (2020, 2022) conducted a comprehensive assessment of multiple CNN architectures for downscaling temperature and 70 

precipitation over Europe under a PP framework, comparing them against traditional methods and highlighting their potential. 71 

PP techniques can achieve strong predictive skill; however, they are highly sensitive to the selection and quality of predictors 72 
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and rely on the assumption that the historical predictor–predictand relationships remain stationary under future climate 73 

conditions. 74 

A key advantage of MOS approaches lies in their simplicity: unlike PP methods, they generally do not require the selection 75 

of multiple predictors or consideration of domain-specific atmospheric processes. Often, the model-simulated value of the 76 

target variable from the nearest grid cell is used directly as the sole predictor. Among MOS techniques, bias correction (BC) 77 

methods have become increasingly widespread in climate change applications due to their ease of implementation and their 78 

effectiveness in reducing systematic errors in both GCM and RCM outputs. To this aim, BC methods adjust the statistical 79 

characteristics of model outputs to better match those of the observed climatology. Several BC techniques are available 80 

(Teutschbein and Seibert 2012; Maraun 2016; Menapace et al. 2025), ranging from simple linear adjustments to more 81 

sophisticated distribution-based methods. Linear scaling, one of the simplest methods, adjusts only the mean of the simulated 82 

data to match the observed one. Although these simple methods help avoid introducing artificial trends or changes in future 83 

climate model projections, they do not correct for biases in higher-order moments. Quantile Mapping (QM) is a widely used 84 

and robust bias correction technique that aligns the full distribution of simulated data with that of observations (Noël et al. 85 

2021) by mapping simulated quantiles to their observed counterparts. QM can be implemented empirically, using the 86 

empirical cumulative distribution functions of the datasets (Themeßl et al. 2012), or parametrically, by fitting theoretical 87 

probability distributions (Piani et al. 2010). In practice, QM is calibrated by comparing simulated and observed distributions 88 

over a historical period, and the resulting transfer function is subsequently applied to future simulations to correct their 89 

distribution. A well-known limitation of traditional QM is its tendency to alter the climate change signal projected by the 90 

climate model, as it forces the future distribution to conform to the historical observed distribution, potentially dampening or 91 

amplifying trends. Quantile Delta Mapping (QDM) is an advancement of the traditional QM method, specifically designed to 92 

preserve the model climate change signal (Cannon et al. 2015; Fauzi et al. 2020; Xavier et al. 2022). Instead of mapping future 93 

quantiles directly to observed historical ones, QDM applies the modeled quantile changes from the historical to the future 94 

period to the observed historical distribution, thus maintaining the model projected relative changes while correcting historical 95 

biases.  96 

Recent methods have integrated DL techniques with BC to improve downscaling performance. Sharma et al. (2024) developed 97 

a CNN-based bias correction for Indian summer monsoon rainfall, while Fulton et al. (2023) applied unpaired image-to-image 98 

translation networks combined with quantile mapping to correct GCM outputs. Wang and Tian (2024) combined a super-99 

resolution deep residual network with QDM to simultaneously downscale and bias-correct climate variables from CMIP6 100 

models. Zhang et al. (2026) applied quantile mapping at the native GCM resolution, followed by a super-resolution CNN to 101 

spatially downscale daily climate data. Together, these efforts underscore the growing recognition of multi-stage approaches 102 

that leverage complementary strengths of DL and BC techniques to address the multifaceted challenges of producing high-103 

resolution climate projections. 104 

This work proposes a statistical downscaling approach developed for CMIP6 GCM precipitation and near-surface temperature 105 

over the extended Mediterranean region, within the framework of the OurMED PRIMA project (https://www.ourmed.eu/). 106 

The objective is the development of an open-access climate projection dataset, named CMIP6-MedPlus, to support 107 

interdisciplinary climate impact research. The dataset comprises daily precipitation and mean, minimum, and maximum 108 

temperature at a spatial resolution of 0.25°, covering the period 1985–2100 and derived from five CMIP6 Global Climate 109 

Models under two Shared Socioeconomic Pathways (SSP1-2.6 and SSP3-7.0). The Mediterranean basin is widely recognized 110 
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as a climate change hotspot (Giorgi and Lionello 2008; Tuel and Eltahir 2020; Todaro et al. 2022), where warming and 111 

hydroclimatic extremes are expected to intensify in the coming decades (MedECC et al. 2020). It is characterized by complex 112 

topography, strong land-sea contrasts, and marked hydroclimatic variability. In this context, enhancing the spatial resolution 113 

and accuracy of precipitation and temperature projections is essential for reliable regional climate impact assessments. The 114 

proposed downscaling method follows a hybrid, two-phase framework. In the first phase, a CNN is adopted to enhance spatial 115 

resolution and effectively capture local topographic and climatic features (Zhang et al., 2026), a step referred to as the 116 

regridding phase. In the second phase, biases are corrected using QDM. ERA5, a state-of-the-art global atmospheric reanalysis 117 

(Hersbach et al. 2020), serves as the reference dataset in both phases. The resulting CNN-QDM framework offers a practical 118 

and scalable approach for generating regional, bias-corrected climate projections. The CMIP6-MedPlus dataset aims to 119 

support climate impact assessments, hydrological modeling, and adaptation planning, particularly in regions characterized by 120 

heterogeneous climatic conditions. The dataset is freely available through Zenodo (https://doi.org/10.5281/zenodo.17898529, 121 

Todaro et al., 2025). 122 

2 Methods 123 

2.1 Study area and data 124 

Climate projections of daily precipitation and daily mean, maximum, and minimum temperature are downscaled over a spatial 125 

domain that extends beyond the Mediterranean region as defined in the First Mediterranean Assessment Report (MAR1) by 126 

the Mediterranean Experts on Climate and Environmental Change (MedECC et al. 2020). This enlarged domain, as depicted 127 

in Fig. 1, facilitates state-level analyses across the wider Mediterranean region. It spans 18.5°W–45.25°E in longitude and 128 

18.5°N–53.25°N in latitude, covering southern and central Europe, North Africa, and portions of the Middle East relevant for 129 

cross-boundary hydroclimatic processes. 130 

 131 
Figure 1. Study area covered by the dataset, indicated by the dashed red line. 132 

The ERA5 reanalysis dataset (Hersbach et al. 2020) was used as reference. ERA5 provides hourly estimates of a wide range 133 

of atmospheric, land, and oceanic variables, with high temporal consistency and a spatial resolution of 0.25°, making it well 134 

suited for regional-scale climate applications. 135 
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The climate across the extended Mediterranean region, exhibits marked spatial variability in both precipitation and 136 

temperature. Figure 2 shows the spatial distribution of annual precipitation and annual mean temperature over the 20-year 137 

period 1995–2014, based on ERA5 data. Annual precipitation is highest along the northern Mediterranean, particularly in 138 

orographically influenced areas such as the Alps, the Apennines, and the coastal ranges of Turkey and Greece, where totals 139 

exceed 1000–1500 mm per year. Precipitation decreases sharply toward the south, with much of North Africa receiving less 140 

than 150 mm annually, with some hyper-arid areas experiencing less than 1 mm. The annual mean temperature shows an 141 

inverse gradient, with cooler conditions in the northern Mediterranean, averaging around 10–15°C, and progressively warmer 142 

temperatures moving southward. The southern portion of the domain experiences mean temperatures exceeding 25°C. These 143 

patterns reflect the marked climatic diversity of the domain, ranging from Atlantic and continental climates in the northern 144 

regions to Mediterranean conditions and arid desert climates farther south, driven by strong gradients in precipitation and 145 

temperature. 146 

 147 
Figure 2. Annual precipitation and annual mean temperature over the study region for the period 1995–2014, derived from ERA5 148 
data. 149 

The downscaled dataset is based on simulations from five GCMs (Table 1) of the CMIP6 ensemble participating in the 150 

ScenarioMIP initiative (O’Neill et al. 2016). Model selection followed the recommendations of two official CORDEX 151 

documents: EURO-CORDEX CMIP6 GCM Selection & Ensemble Design: Best Practices and Recommendations 152 

(Sobolowski et al., 2023) and CORDEX Experiment Design and Archiving Specifications for Statistical Downscaling of 153 

CMIP6 (CORDEX, 2024). These documents identify priority GCMs for dynamical and statistical downscaling within the 154 

CMIP6 EURO-CORDEX framework and provide methodological guidance. The final set of models was chosen from this 155 

recommended pool guided by two criteria: (i) relatively high native global spatial resolution and (ii) the availability of the 156 

variables of interest. GFDL-ESM4, MPI-ESM1-2-HR, and MRI-ESM2-0 were selected from the CORDEX recommendations 157 

for statistical downscaling, based on their nominal resolution of approximately 100 km. NorESM2-MM and EC-Earth3-Veg 158 

were selected from the EURO-CORDEX recommendations, considering among the models with comparable resolution (100 159 

km) those that provided all variables of interest. MPI-ESM1-2-HR appears in both sets of recommendations. The historical 160 

simulation period of the climate models covers 1985–2014, while future projections span 2015–2100. 161 
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To capture a range of possible future conditions, two Shared Socioeconomic Pathways (SSPs; O’Neill et al. 2017) were 162 

considered in accordance with CORDEX guidelines and priorities: SSP1-2.6, reflecting a sustainable, low-emission pathway, 163 

and SSP3-7.0, representing a higher-emission pathway.  164 

Table 1. CMIP6 GCMs selected for this study and their resolution. 165 

Institute Model 
Grid resolution 

(Lon x Lat) 

NCC NorESM2-MM 1.25° x 0.94° 

DKRZ MPI-ESM1-2-HR 0.94° x 0.94° 

EC-Earth-Consortium EC-Earth3-Veg 0.70° x 0.70° 

NOAA-GFDL GFDL-ESM4 1.25° x 1.00° 

MRI MRI-ESM2-0 1.13° x 1.12° 

 166 

2.2 Statistical downscaling 167 

The proposed statistical downscaling approach follows a hybrid two-phase framework: (i) a Convolutional Neural Network 168 

(CNN) is used to increase the spatial resolution of climate model data (regridding phase), and (ii) a Quantile Delta Mapping 169 

(QDM) technique is applied to statistically adjust residual model biases while preserving the projected climate-change signal. 170 

2.2.1 Data preprocessing 171 

Prior to downscaling, to ensure consistency across the selected CMIP6 GCMs, all model outputs were interpolated to a 172 

common 1° grid using xESMF, a Python package for conservative remapping (Jiawei Zhuang et al. 2024). The ERA5 173 

reanalysis dataset at 0.25° resolution served as the observational reference for all subsequent evaluations. For CNN training, 174 

ERA5 data were first upscaled to 1° to emulate the coarse structure of GCM predictors. These coarse ERA5 fields provided 175 

the CNN inputs, while the original 0.25° ERA5 data served as targets. This configuration allowed the network to learn a 176 

mapping from low- to high-resolution conditions while preserving spatial patterns. 177 

2.2.2 Regridding via CNN 178 

Convolutional Neural Networks (CNNs), widely used for extracting spatial patterns from images (LeCun et al. 2015), were 179 

employed to increase the spatial resolution of GCM outputs. In this framework, each “image” corresponds to the spatial 180 

distribution of a given climate variable for a single day over the study domain, and each day is processed independently, 181 

without exploiting temporal dependencies. Separate CNNs were trained for each climate variable. For temperature, three 182 

CNNs were used: one for daily mean temperature (𝑇𝑚𝑒𝑎𝑛), and two for the deviations of maximum (∆𝑇𝑚𝑎𝑥 =  𝑇𝑚𝑎𝑥 −183 

𝑇𝑚𝑒𝑎𝑛) and minimum (∆𝑇𝑚𝑖𝑛 =  𝑇𝑚𝑒𝑎𝑛 − 𝑇𝑚𝑖𝑛) temperature from the mean. This approach, by constraining the deviations to 184 

be positive, ensures physical consistency, enforcing 𝑇𝑚𝑎𝑥 ≥ 𝑇𝑚𝑒𝑎𝑛 ≥ 𝑇𝑚𝑖𝑛 at every grid cell.  185 
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Figure 3 illustrates the adopted CNN architecture. The network begins with two convolutional layers using ELU (Exponential 186 

Linear Unit) activation and “same” padding to preserve the spatial dimensions of the input feature maps, ensuring that 187 

important spatial information is not lost prematurely. These layers extract hierarchical spatial features from the low-resolution 188 

inputs. A dense layer with 3000 neurons then integrates the extracted spatial features into a unified representation capable of 189 

capturing complex and non-linear spatial relationships. During training, a dropout layer is applied to prevent overfitting by 190 

randomly deactivating a fraction of neurons, forcing the network to learn robust, generalized features. The output layer then 191 

generates high-resolution downscaled fields at the target 0.25° resolution. A conservative constraint layer (Harder et al. 2023; 192 

Fallah et al. 2023) is appended to enforce the preservation of coarse-scale quantities during downscaling. Because climate 193 

model data represent values as averages over each grid cell, this constraint ensures that the regridding process remains 194 

conservative, accurately redistributing coarse-grid quantities to the fine grid while maintaining physical consistency.  195 

 196 
Figure 3. CNN architecture. 197 

Let the low-resolution input be denoted by 𝑿 ∈ ℝ𝐻×𝑊, where 𝐻 and 𝑊 are the coarse spatial dimensions. The goal of the 198 

CNN is to generate a high-resolution field 𝒀 ∈ ℝ(𝑁𝐻)×(𝑁𝑊), where 𝑁 is the spatial upscaling factor. In this study, H=35, 𝑊=63 199 

and N=4. Each coarse-grid value 𝑥 is associated with an 𝑁 × 𝑁 high-resolution patch, also called a super-pixel, consisting of 200 

𝑛 = 𝑁2 values {𝑦𝑖}𝑖=1
𝑛 . Conservation requires that the mean of these 𝑛 downscaled values equals the original coarse input 𝑥. 201 

Depending on the variable, two different formulations of the constraint layer were applied. For mean temperature, an additive 202 

formulation enforce conservation while allowing both positive and negative deviations from the mean. Given the intermediate 203 

network outputs 𝑦̃𝑗, the final predictions (𝑦𝑗) were computed as: 204 

𝑦𝑗 = 𝑦̃𝑗 + 𝑥 −
1

𝑛
∑ 𝑦̃𝑖

𝑛

𝑖=1
,     𝑗 = 1, … , 𝑛 (1) 

For precipitation and for temperature deviations (∆𝑇𝑚𝑎𝑥 and ∆𝑇𝑚𝑖𝑛), where values must remain non-negative, a multiplicative 205 

constraint with a square transformation was employed. This guarantees both conservation and positivity: 206 
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𝑦𝑗 = 𝑦̃𝑗
2 ∙

𝑥

1
𝑛

∑ 𝑦̃𝑖
2𝑛

𝑖=1

,      𝑗 = 1, … , 𝑛 (2) 

The CNNs were trained using the Adam optimizer (Kingma and Ba 2014) with mean squared error (MSE) as the loss function. 207 

Learning and dropout rates were tuned separately for precipitation and temperature to reflect their distinct spatial 208 

characteristics. For precipitation, a learning rate of 0.001 and a dropout rate of 0.5 were selected. The higher learning rate 209 

helps the network to capture localized extremes typical of precipitation fields, while a higher dropout rate mitigates overfitting. 210 

For temperature, the learning rate was reduced to 0.00001 and the dropout rate to 0.3. Because temperature fields are smoother 211 

and more spatially coherent, these settings promote stable training convergence and preserve fine-scale patterns without 212 

excessively suppressing the learned representations. 213 

The CNNs were trained and validated on daily ERA5 data from 1970 to 2009 and tested on daily data from 2010 to 2023. 214 

Once trained, they were applied to GCM outputs to generate high-resolution projections at 0.25°. 215 

2.2.3 Bias correction via QDM 216 

After CNN-based regridding, the simulated data are aligned with the native spatial resolution of the ERA5 reference dataset. 217 

Then, bias correction was applied using Quantile Delta Mapping (QDM) independently at each grid cell. This method 218 

statistically adjusts the model outputs based on biases identified between observations (here ERA5 data) and simulated outputs 219 

(GCM outputs) over a common historical period, while preserving the relative changes projected by the models. QDM was 220 

applied separately for precipitation, mean temperature and the deviations of maximum and minimum temperature from the 221 

mean to ensure physically consistent downscaled projections.  222 

Bias correction was performed on daily values, and empirical probability distributions were estimated on a monthly basis, 223 

using a three-month moving window (the target month plus the adjacent months) over the 30-year historical period 1985–224 

2014. For example, January distributions were computed combining December, January, and February daily data to better 225 

capture inter-month correlations. Although traditional bias-correction methods typically use monthly windows, longer 226 

windows can offer a better balance between capturing seasonal extremes and limiting discontinuities at window edges (Pierce 227 

et al. 2015). For future projections (2015–2100), distributions were compute using a 30-year sliding window centered on the 228 

year of interest (Cannon et al. 2015; Tong et al. 2021); for instance, to correct January 2050, the period from 2035 to 2064 229 

was considered, spanning 15 years before and after the target year. This dynamic window allows QDM to account for evolving 230 

distributions, capturing long-term changes in climate patterns. 231 

For a given month, year and variable (e.g., temperature or precipitation), let 𝐹𝑜𝑏𝑠,ℎ denote the empirical cumulative distribution 232 

function of observations (obs) for the historical period (h), and 𝐹𝑚𝑜𝑑,ℎ and 𝐹𝑚𝑜𝑑,𝑝 the empirical distributions of the modelled 233 

values (mod) in the historical (h) and projected period (p), respectively. Given a model value in the projected period, 𝑥𝑚𝑜𝑑,𝑝(𝑡) 234 

at time 𝑡, its non-exceedance probability is defined as: 235 

𝑞(𝑡) = 𝐹𝑚𝑜𝑑,𝑝 (𝑥𝑚𝑜𝑑,𝑝(𝑡)) (3) 

A first quantile-mapping step aligns this value with the observed historical distribution:  236 
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𝑥̅(𝑡) = 𝐹𝑜𝑏𝑠,ℎ
−1 (𝑞(𝑡)) (4) 

where 𝐹𝑜𝑏𝑠
−1  is the inverse of the empirical distribution of observations. 237 

Then, QDM estimates the model-projected quantile change by comparing the model projected and historical quantiles at the 238 

same probability level. Let 𝐹𝑚𝑜𝑑,𝑝
−1  and 𝐹𝑚𝑜𝑑,ℎ

−1  be the inverse of the empirical distribution of the model output for projected 239 

and historical period, respectively. The quantile change is expresses either additively, applied to mean temperature, or 240 

multiplicatively, applied to precipitation and temperature deviations, as follows: 241 

∆(𝑡) = 𝐹𝑚𝑜𝑑,𝑝
−1 (𝑞(𝑡))  − 𝐹𝑚𝑜𝑑,ℎ

−1 (𝑞(𝑡)) (5) 

∆(𝑡) =
𝐹𝑚𝑜𝑑,𝑝

−1 (𝑞(𝑡))

𝐹𝑚𝑜𝑑,ℎ
−1 (𝑞(𝑡))

 (6) 

This relative change is then applied to the corrected value of Eq. (4) in either the additive or multiplicative form: 242 

𝑥̂(𝑡) = 𝑥̅(𝑡) + ∆(𝑡)  (7) 

𝑥̂(𝑡) = 𝑥̅(𝑡) ∙ ∆(𝑡)  (8) 

When correcting the model outputs in the historical period 𝐹𝑚𝑜𝑑,𝑝 = 𝐹𝑚𝑜𝑑,ℎ, and the correction reduces to the standard quantile 243 

mapping of Eq. (4). 244 

2.3 Evaluation methods 245 

The evaluation of the downscaling framework was conducted in two stages: first, assessing the CNN-based regridding alone, 246 

and second, evaluating the full downscaling output after the application of QDM bias correction.  247 

In the first stage, the CNN was evaluated solely on its regridding capability, using coarse- and fine-resolution representations 248 

of the reference dataset (ERA5). Specifically, the high-resolution outputs produced by the CNN were compared with the 249 

original high-resolution ERA5 fields. Since both datasets are temporally aligned, performance was assessed through pairwise 250 

daily comparisons over the test period 2010–2023 (5113 maps), using root mean square error (RMSE) as the metric. In 251 

addition, the results were then compared with those obtained using a conventional nearest-neighbor regridding approach, 252 

which assigns to each high-resolution grid cell the value of the closest low-resolution grid cell. 253 

In the second stage, the full downscaling process (CNN + QDM) was evaluated with a different rationale, as its goal is not to 254 

replicate individual daily values but to adjust the statistical distribution of simulated data while preserving projected climate 255 

change signals. The evaluation therefore focused on long-term statistical properties. The selected metrics (Table 2) are a 256 

subset of those proposed by the VALUE validation framework (Maraun et al. 2015), ensuring methodological consistency 257 

and comparability with previous studies. Downscaling performance was assessed over the reference historical period 1995–258 

2014. For each climate model and each grid cell, both the raw GCM outputs interpolated to 0.25° using nearest-neighbor 259 

mapping and the fully downscaled fields produced after CNN regridding and QDM bias correction were compared with the 260 
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reference dataset ERA5. The analysis includes the bias in the daily mean, in the 2nd percentile (P2) and the 98th percentile 261 

(P98) of daily distributions, as well as in a set of extreme indicators describing prolonged warm, cold, wet, and dry conditions: 262 

the Warm Annual Maximum Spell (WAMS), Cold Annual Maximum Spell (CAMS,), Wet Annual Maximum Spell 263 

(WetAMS), and Dry Annual Maximum Spell (DryAMS). For each indicator, the bias was calculated as the difference between 264 

the model estimates and the reference values. The computation of each indicator is summarized as follows: 265 

• Mean bias: computed by deriving the daily climatological mean over the 1995–2014 period for both the model and 266 

the ERA5 reference datasets, and then taking the difference between the two. 267 

• P2 and P98 biases: estimated by calculating, for each year, the 2nd and 98th percentiles of daily values for both 268 

datasets, followed by the mean of the annual percentile values over the 1995–2014 period. The bias was then obtained 269 

as the difference between the model and reference multi-year averages. 270 

• WAMS and CAMS: the WAMS is defined as the longest sequence of consecutive days within a year when the daily 271 

mean temperature exceeds the 90th percentile of the reference climatology, while the CAMS corresponds to the 272 

longest sequence of consecutive days when the daily mean temperature falls below the 10th percentile. For both 273 

indicators, the median of the annual values over the 1995–2014 period was computed for the model and the reference 274 

datasets, and their difference was used to quantify the bias. 275 

• WetAMS and DryAMS: the WetAMS represents the longest sequence of consecutive wet days (precipitation ≥ 1 276 

mm/day) in a year, whereas the DryAMS represents the longest sequence of consecutive dry days (precipitation < 1 277 

mm/day). As for the temperature-based indicators, the median of the annual values over the 1995–2014 period was 278 

used for comparison between the model and the reference datasets. 279 

Table 2. Summary of the metrics used to assess the performance of QDM during the reference period 1995–2014. Each metric 280 
represents the bias between model and reference datasets for mean (Tm), minimum (Tn) and maximum (Tx) temperature, and 281 
precipitation (Pr) variables. 282 

Metric Description Variable(s) Units 

Mean bias Bias in daily climatological mean 
𝑇𝑚𝑖𝑛, 𝑇𝑚𝑒𝑎𝑛, 𝑇𝑚𝑎𝑥   

𝑃𝑟 

°C,  

% 

P2 bias Bias in 2nd percentile 𝑇𝑚𝑖𝑛, 𝑇𝑚𝑒𝑎𝑛, 𝑇𝑚𝑎𝑥 °C 

P98 bias Bias in 98nd percentile 
𝑇𝑚𝑖𝑛, 𝑇𝑚𝑒𝑎𝑛, 𝑇𝑚𝑎𝑥 

𝑃𝑟 

°C,  

% 

WAMS bias Bias in Warm Annual Maximum Spell  𝑇𝑚𝑖𝑛, 𝑇𝑚𝑒𝑎𝑛, 𝑇𝑚𝑎𝑥 days 

CAMS bias Bias in Cold Annual Maximum Spell  𝑇𝑚𝑖𝑛, 𝑇𝑚𝑒𝑎𝑛, 𝑇𝑚𝑎𝑥 days 

WetAMS bias Bias in Wet Annual Maximum Spell  𝑃𝑟 days 

DryAMS bias Bias in Dry Annual Maximum Spell  𝑃𝑟 days 
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3 Results 283 

3.1 Data records 284 

The CMIP6-MedPlus dataset provides statistically downscaled daily projections of precipitation and near-surface air 285 

temperature over an extended Mediterranean domain for the period 1985–2100. The dataset includes daily precipitation and 286 

daily mean, maximum and minimum temperature, derived from an ensemble of five CMIP6 GCMs under the two scenarios 287 

SSP1-2.6 and SSP3-7.0. 288 

All data are distributed in NetCDF4 format, with a total volume of approximately 200 GB. Each NetCDF file contains 289 

downscaled projections for a single climate variable from one GCM and covers both the historical period (1985–2014) and 290 

the future projection period (2015–2100).  The data are provided on a regular latitude–longitude grid at 0.25° spatial 291 

resolution. Each file includes latitude and longitude bounds, as well as separate time coordinates for historical and scenario 292 

periods. An overview of the main characteristics of the CMIP6-MedPlus dataset is provided in Table 3. 293 

Table 3. Summary of the main features of the CMIP6-MedPlus dataset 294 

Dataset title CMIP6-MedPlus 

Dataset type Gridded 

Dimensions time, longitude, latitude 

Data format NetCDF4  

Temporal coverage 
Historical period: 1985–2014; 

Scenario period: 2015–2100 

Temporal resolution Daily 

Spatial extent  
Longitude: −18.5 to 45.25 degrees east; 

Latitude: 18.5 to 53.25 degrees north 

Coordinate system WGS84 (EPSG:4326) 

Spatial resolution  0.25° 

Climate variables 

Long name – short name – [units] 

Total precipitation amount – pr – [mm]; 

2 m temperature – tas – [°C]; 

2 m maximum temperature – tasmax – [°C]; 

2 m minimum temperature – tasmin – [°C]; 

Climate models 

EC-Earth3-Veg  

GFDL-ESM4 

MPI-ESM1-2-HR 

MRI-ESM2-0  

NorESM2-MM 

Scenarios SSP1-2.6 and SSP3-7.0 

 295 
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3.1.1 Usage notes 296 

The CMIP6-MedPlus dataset is designed to support climate impact assessments at the Mediterranean and sub-regional scales 297 

by providing projections of precipitation and temperature across a broad domain. The 0.25° spatial resolution is suitable for 298 

applications focusing on large-scale hydrological responses, regional climate risk assessments, and sectoral impact analyses 299 

at regional, or transnational scales. 300 

To account for uncertainty inherent in climate projections, users are encouraged to conduct impact simulations separately for 301 

each of the five CMIP6 GCMs included in the dataset and to analyze the resulting spread of outcomes. Simulations should 302 

also be performed under both SSP1-2.6 and SSP3-7.0 scenarios, representing low and high challenges to mitigation, 303 

respectively, in order to explore a range of plausible future climate conditions. 304 

For local or site-specific impact assessment studies, however, the 0.25° resolution may be insufficient to fully capture fine-305 

scale climatic variability, particularly in areas characterized by complex topography, strong land–sea contrasts, or pronounced 306 

local gradients. In these cases, it is advisable to apply an additional statistical adjustment step using CMIP6-MedPlus as a 307 

baseline and locally observed data from gauging stations where available. 308 

3.2 Performance evaluation 309 

3.2.1 Performance of regridding via CNN 310 

Figure 4 illustrates the RMSE maps for precipitation and temperature (mean, maximum and minimum), comparing the 311 

performance of the CNN-based regridding against the nearest-neighbor (NN) method over the test period 2010–2023. Across 312 

all variables, the CNN achieves substantially lower RMSE values than the NN. The NN results (top row) exhibit pronounced 313 

grid-pattern artifacts, particularly over complex terrain such as the Alps, the Apennines, and coastal areas, reflecting 314 

discontinuities introduced by the coarse grid sampling. In contrast, the CNN-based results (bottom row) display a marked 315 

reduction in RMSE, indicating improved consistency and spatial coherence of the regridded fields. For precipitation, 316 

improvements are especially notable in mountainous and coastal areas, where local variability is better captured by the CNN. 317 

The domain-mean RMSE is comparable between the NN and CNN methods, at around 0.6 mm, but maximum errors differ 318 

markedly: 9.8 mm for NN and values below 4.2 mm for CNN.  319 

For temperature, the CNN consistently outperforms NN across the entire domain. For mean temperature, the domain-averaged 320 

RMSE is 0.58 °C for NN and 0.20 °C for CNN, with maximum errors of 9.0 °C and below 1.0 °C, respectively. For minimum 321 

temperature, the NN has a mean RMSE from 0.71 °C compared to 0.38 °C of the CNN and the maximum error from over 10 322 

°C goes below 1.6 °C. Similarly, for maximum temperature, the mean RMSE decreases from 0.70 °C for NN to 0.27 °C for 323 

CNN, and the maximum error drops from values above 8 °C to below 1.2 °C.  324 

These results demonstrate that the CNN model effectively learns complex spatial relationships between coarse and fine-scale 325 

fields, outperforming traditional nearest-neighbor interpolation. This improved accuracy provides a more consistent starting 326 

point for the subsequent bias correction stage, enabling point-by-point adjustments that better reflect local climatological 327 

patterns. 328 
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 329 
Figure 4. Comparison of the spatial distribution of RMSE for daily precipitation and temperature variables obtained with the 330 
nearest-neighbor (NN, top row) and CNN-based (bottom row) regridding approaches for the test period 2010–2023. 331 

3.2.2 Performance of the full downscaling framework  332 

The performance evaluation is carried out over the historical reference period 1995–2014 by comparing the fully downscaled 333 

outputs with the ERA5 reference dataset and, for context, with the raw GCM outputs (interpolated to 0.25° via nearest-334 

neighbor mapping). To illustrate inter-model differences, the mean bias of annual precipitation and annual mean, maximum 335 

and minimum temperature is shown separately for each GCM over the study domain. The maps in Fig. 5 show the mean bias 336 

of annual precipitation, expressed as the percentage difference between GCM and ERA5 data. In the raw simulations, the 337 

models exhibit large and spatially heterogeneous biases, with substantial inter-model variability. In the southern portion of 338 

the domain, biases frequently exceed ±90%; however, it is important to note that these large relative errors are associated with 339 

regions characterized by very low annual precipitation, where even small absolute deviations result in high percentage biases. 340 

Negative biases dominate in several areas of Southern Europe in EC-Earth3-Veg, NorESM2-MM, and MPI-ESM1-2-HR, 341 

whereas overestimation prevail across much of Europe in MRI-ESM2-0 and GFDL-ESM4. After applying the downscaling 342 

procedure, these biases are substantially reduced, with values approaching zero over most of the domain. 343 

 344 
Figure 5. Mean bias of annual precipitation (in %, relative to the ERA5) for five GCMs in the period 1995–2014. The top row shows 345 
the raw model outputs, while the bottom row shows the corresponding downscaled simulations.  346 

Figure 6 presents the spatial distribution of temperature biases. In the raw simulations, GCMs exhibit large biases, with notable 347 

inter-model differences. EC-Earth3-Veg and GFDL-ESM4 predominantly underestimate mean, minimum and maximum 348 

temperature across the study area, whereas NorESM2-MM underestimates in the southern portion of the domain and 349 

overestimates in the north. MRI-ESM2-0 presents mix of under- and overestimations, with a predominant overestimation of 350 
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minimum temperature. For MPI-ESM1-2-HR, mean temperature shows both under- and overestimations, while minimum 351 

temperature is predominantly overestimated and maximum temperature underestimated, resulting in a substantial negative 352 

bias in the diurnal temperature range. Following the application of the downscaling procedure, these biases are markedly 353 

reduced, with values approaching zero over the entire region. This highlights the effectiveness of the downscaling method in 354 

mitigating systematic temperature biases and enhancing the reliability of GCM outputs. 355 

 356 
Figure 6. Mean bias of mean (top), minimum (middle) and maximum (bottom) temperature (in °C, relative to the ERA5) for five 357 
GCMs in the period 1995–2014. The top row of each sub-plot shows the raw model outputs, while the bottom row shows the 358 
corresponding downscaled simulations. 359 

Figure 7 presents the precipitation bias for different metrics, based on the ensemble mean of the five GCMs. For the raw 360 

simulations, both the mean bias and the P98 bias (98th percentile of daily precipitation) reveal widespread and substantial 361 

errors, with particularly strong overestimations across the southern portion of the domain. After downscaling, these systematic 362 

errors are greatly reduced, and most areas display values close to zero, indicating a substantial correction of both mean and 363 

extreme precipitation. The Wet Annual Maximum Spell (WetAMS) bias in the raw GCMs points to an overestimation of wet 364 
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spell persistence in several regions, especially over western and northern Europe. Downscaling largely removes these 365 

discrepancies, leaving only localized residual biases of minor magnitude. Likewise, the Dry Annual Maximum Spell 366 

(DryAMS) bias highlights pronounced errors in the raw simulations, with significant underestimation of dry spell duration 367 

across Northeast Africa and an overestimation in Northwestern Africa and the eastern Mediterranean coasts. These biases are 368 

strongly attenuated in the downscaled results across the domain. 369 

 370 
Figure 7. Annual precipitation mean bias, 98th percentile (P98) of daily precipitation bias, Wet Annual Maximum Spell (WetAMS) 371 
bias, and Dry Annual Maximum Spell (DryAMS) bias based on the ensemble mean of five GCM outputs for the period 1995–2014. 372 
The top row shows the raw model outputs, while the bottom row shows the corresponding downscaled simulations. Biases are all 373 
relative to ERA5. 374 

Figure 8 presents temperature biases for mean, minimum, and maximum daily temperature, as well as for extreme and 375 

persistence-based indicators, based on the ensemble mean of the five GCMs. In the raw simulations, systematic biases are 376 

evident across the domain. From the mean bias maps, temperatures exhibit widespread biases, with a predominant 377 

underestimation in maximum temperature and over North Africa and the eastern Mediterranean. These patterns are also 378 

evident in the percentile-based metrics, with the P2 and P98 biases showing marked deviations: the P2 bias (2nd percentile, 379 

reflecting cold extremes) resembles the mean pattern but with larger magnitudes, while the P98 bias highlights pronounced 380 

overestimations, particularly along the coasts, and underestimations of maximum temperature over northern Europe. 381 

Persistence indicators are similarly affected. The WAMS bias (Warm Annual Maximum Spell) in the raw GCMs indicates a 382 

predominant overestimation of warm spell duration, while the CAMS bias (Cold Annual Maximum Spell) shows a consistent 383 

underestimation of cold spells across central and eastern Europe, alongside an overestimation over northern Africa and the 384 

Middle East. 385 

After applying downscaling, systematic errors are substantially reduced across all metrics. Biases in mean temperature, as 386 

well as in P2 and P98, converge toward near-zero values throughout most of the domain, with only localized residual 387 

deviations. Persistence metrics also improve markedly: the strong WAMS and CAMS biases in the raw GCMs are largely 388 

removed, leaving only minor deviations. Overall, the downscaled results demonstrate a strong capacity to correct both mean-389 

state and extreme temperature biases, including those related to the persistence of warm and cold spells. 390 

https://doi.org/10.5194/essd-2026-337
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



16 

 

 391 

Figure 8. Mean, minimum and maximum temperature mean bias, 98th percentile (P98) of temperature bias, Warm Annual 392 
Maximum Spell (WAMS) bias, and Cold Annual Maximum Spell (CAMS) bias based on the ensemble mean of five GCM outputs 393 
for the period 1995–2014. The top row of each sub-panel shows the raw model outputs, while the bottom row shows the 394 
corresponding downscaled simulations. Biases are all relative to ERA5. 395 

3.2.3 Added value of applying CNN before QDM  396 

The results presented in the previous section demonstrate that the full downscaling framework effectively reduces both mean 397 

and distribution-based biases over the reference period. However, these diagnostics alone do not fully capture the added value 398 

of performing the CNN-based spatial refinement before bias correction. This is because QDM is designed to adjust the local 399 

statistical distribution of a variable and is therefore highly effective at reducing biases in metrics derived from long-term 400 

distributions, such as mean values and percentiles. Consequently, when performance is assessed using time-aggregated 401 

statistics over the historical period, different regridding strategies followed by QDM may lead to similarly satisfactory results.  402 

The main added value of the CNN lies in its ability to reconstruct the spatial structure of daily fields. Unlike nearest-neighbor 403 

remapping, which merely transfers coarse-scale information onto the target grid and retains block-like, spatially simplified 404 
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patterns, the CNN generates spatially refined fields that are more coherent with the fine-scale structure of the observational 405 

reference. 406 

However, this added value cannot be assessed through a deterministic day-by-day comparison with observations. Because 407 

model outputs and observations are not temporally synchronized, the same calendar day in the model does not correspond to 408 

the same realized weather event. Pointwise daily error metrics are therefore not meaningful in this context. Instead, the CNN 409 

contribution should be evaluated in terms of the spatial realism and effective spatial resolution of the generated daily fields. 410 

Figure 9 illustrates this aspect through an example of a daily precipitation field, with a zoom over Italy. The NN+QDM result 411 

retains the block-like features inherited from the coarse-resolution model field, whereas the CNN+QDM map exhibits a 412 

smoother and more spatially coherent structure, with transitions and localized features that better reflect the expected fine-413 

scale variability. The figure thus makes clear that the added value of the CNN is not primarily reflected in aggregated statistical 414 

metrics after QDM, but in the improved spatial realism of individual daily fields. 415 

This effect is especially evident for precipitation, owing to its strong small-scale variability and intermittency. Since QDM 416 

operates independently at each grid cell, it adjusts the local distribution but does not reconstruct spatial coherence across 417 

neighboring cells. As a consequence, the coarse-grid imprint remains visible when the input field is obtained by nearest-418 

neighbor remapping, whereas the CNN helps reduce this artefact. The benefit of applying CNN before QDM should therefore 419 

be understood mainly in terms of improved spatial realism, rather than further gains in metrics that are already largely 420 

determined by QDM. 421 

 422 

Figure 9. Zoom over Italy showing an example of a daily precipitation field (9 February 2065) for one GCM (EC-Earth3-Veg) and 423 
one scenario (SSP1-2.6), comparing the raw model output, the nearest-neighbor remapping followed by QDM (NN+QDM), and 424 
the CNN-based spatial refinement followed by QDM (CNN+QDM). 425 

3.2.4 Future projections  426 

Figure 10 and Figure 11 show the projected changes in annual precipitation and annual mean temperature, respectively, 427 

relative to the 1995–2014 reference period, based on the ensemble mean of the five downscaled CMIP6 climate models. 428 

Anomalies are shown for three future periods: short-term (ST, 2021–2040), medium-term (MD, 2041–2060), and long-term 429 

(LT, 2081–2100). 430 

Projected changes in annual precipitation (Fig. 10) display a spatially heterogeneous pattern. Under SSP1-2.6, precipitation 431 

anomalies remain generally modest across the century. In the ST period, most of southern Europe and the western 432 
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Mediterranean show changes within ±10%, while localized increases appear over the eastern Mediterranean and the Sahara–433 

Sahel transition zone, where positive anomalies exceed +20 to +40%. These features persist in the MT period. By the LT 434 

period, SSP1-2.6 still shows relatively limited and spatially confined drying across the studied domain, although reductions 435 

become more evident over Morocco, Algeria, Tunisia, and Libya. Conversely, the positive anomalies south of the Sahara 436 

remain evident throughout the century. A portion of these pronounced positive or negative percentage anomalies, both in the 437 

Mediterranean and in the Sahara–Sahel region, reflects the fact that baseline precipitation amounts are very low in these areas; 438 

therefore, even small absolute changes translate into large relative changes, producing strong apparent increases or decreases 439 

in the maps.  Under SSP3-7.0, the drying signal strengthens markedly with time. In the ST period, emerging reductions appear 440 

along the northern African coast and parts of the central Mediterranean. By the MT period, a more coherent drying band is 441 

established across southern Europe, with intensifying deficits over western North Africa. In the LT period, precipitation 442 

declines become more widespread across nearly the entire domain, with reductions exceeding -20 to -30% over large portions 443 

of North Africa. Increases south of the Sahara persist across all periods, consistent with the mechanisms already noted for this 444 

region. 445 

Temperature projections (Fig. 11) indicate a robust and spatially coherent warming across the entire domain under both SSP1-446 

2.6 and SSP3-7.0. Under SSP1-2.6, warming remain moderate throughout the century.  In the ST period, temperature 447 

anomalies generally range between +0.5 and +1.5 °C across most of the domain. By the MT period, warming becomes slightly 448 

more widespread, with increases of similar magnitude. In the LT period, SSP1-2.6 shows a clear stabilization, with long-term 449 

anomalies remaining mostly below +1.5 °C (except for a few very localized areas approaching +2 °C), and even slight cooling 450 

emerging over parts of the northwestern domain. In contrast, under SSP3-7.0, the warming signal intensifies substantially 451 

with time. In the ST period, temperature increases remain below +1.5 °C across the entire domain. By the MT period, warming 452 

becomes more pronounced, reaching around +2 °C over southern Europe and North Africa, with some localized areas 453 

approaching +2.5 °C. In the LT period, the warming intensifies substantially and becomes spatially uniform, with anomalies 454 

commonly exceeding +4 °C across North Africa, the Middle East, and some parts of southern Europe. 455 
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 456 

Figure 10. Projected percentage changes in total annual precipitation relative to the 1995–2014 reference period, based on the 457 
ensemble mean of the five climate models. Changes are shown for three future periods—short-term (ST; 2021–2040), medium-term 458 
(MT; 2041–2060), and long-term (LT; 2081–2100)—under two Shared Socioeconomic Pathways (SSP1-2.6 and SSP3-7.0). 459 

 460 
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 461 

Figure 11. Projected changes in mean temperature relative to the 1995–2014 reference period, based on the ensemble mean of the 462 
five climate models. Changes are shown for three future periods—short-term (ST; 2021–2040), medium-term (MT; 2041–2060), 463 
and long-term (LT; 2081–2100)—under two Shared Socioeconomic Pathways (SSP1-2.6 and SSP3-7.0). 464 

4 Discussion 465 

This section discusses the main assumptions, and limitations of the proposed framework. As with any statistical downscaling 466 

framework, the proposed approach relies on assumptions that may introduce limitations. Statistical methods infer relationships 467 

between large-scale GCM fields and local climate information, with the aim of better representing local-scale variability and 468 

spatial detail. They are computationally efficient and scalable to large domains; however, they cannot introduce physical 469 

processes beyond those represented in the GCMs and rely on the assumption that empirical relationships derived from 470 

historical data remain valid under future climate conditions. Dynamical downscaling, by contrast, involves embedding 471 
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regional climate models that explicitly simulate physical processes at finer scales, allowing for the emergence of phenomena 472 

such as local convection, orographic effects, and mesoscale circulations. This makes dynamical downscaling particularly 473 

advantageous in regions with complex terrain or where small-scale processes strongly influence climate patterns. However, 474 

dynamical approaches are computationally demanding and regional climate model outputs are not always available. In 475 

practice, statistical and dynamical downscaling are complementary, and statistical approaches remain a practical and efficient 476 

solution when climate information is needed at regional and sub-regional scales (Jacob et al. 2020).  477 

Beyond these general considerations, additional sources of uncertainty arise from specific methodological choices adopted in 478 

the present framework. The CNN-based spatial refinement is inherently data-driven and sensitive to the quality and 479 

representativeness of the training data, which may limit its ability to generalize under non-stationary climate conditions. These 480 

challenges are particularly relevant for precipitation, whose intermittent and highly skewed distribution makes it difficult to 481 

accurately reproduce the intensity of localized extremes. Moreover, the inclusion of a conservative constraint layer to ensure 482 

physical consistency between regridded fields and coarse-scale inputs may introduce block-like spatial patterns in regions 483 

where precipitation structures are weakly defined. While this represents a deliberate trade-off, conservation is essential, 484 

particularly for precipitation. When precipitation patterns are weak, sparse, or poorly organized, the CNN may fail to recover 485 

a sufficiently informative fine-scale structure; under these conditions, the conservation constraint guarantees physical 486 

consistency between the downscaled field and the original coarse-scale input. Finally, it should be noted that the CNN 487 

enhances spatial detail but does not correct systematic model biases, which are addressed separately through bias correction.  488 

Additional sources of uncertainty are associated with the subsequent bias-correction phase. QDM shares several limitations 489 

common to distribution-based correction methods, including the assumption that the bias structure identified during the 490 

historical period remains consistent in the future. Additionally, QDM can be sensitive in regions with very low precipitation 491 

and frequent zero-precipitation days, such as arid zones, where small absolute differences between modeled and reference 492 

quantiles may result in disproportionately large relative corrections if not carefully constrained. Moreover, QDM adjusts the 493 

marginal distribution of climate variables but does not explicitly correct temporal characteristics, such as wet–dry spell length 494 

or event persistence; consequently, biases in temporal autocorrelation or event clustering may persist after correction. The 495 

effectiveness of bias correction also depends on the quality and temporal extent of the reference dataset, and performance 496 

may degrade in regions with sparse or limited observations. Although ERA5 can compensate for missing observations through 497 

its modeling framework, its performance may degrade and become less reliable in areas with sparse or absent observations. 498 

Despite these limitations, QDM remains a widely used and robust method for adjusting systematic model errors while 499 

preserving the underlying climate change signal. 500 

5 Conclusions 501 

This study presents CMIP6-MedPlus, a statistically downscaled climate projection dataset for the extended Mediterranean 502 

region, developed from five CMIP6 GCMs under the SSP1-2.6 and SSP3-7.0 scenarios and including daily precipitation and 503 

daily minimum, mean, and maximum near-surface air temperature. The dataset is generated through a framework that 504 

combines a CNN-based spatial refinement step with a subsequent bias correction step via QDM, which adjusts local 505 

distributions while preserving the projected climate-change signal. The evaluation over the historical reference period shows 506 

that the framework substantially reduces systematic biases in precipitation and temperature across the study domain. In 507 
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particular, the results show that QDM is effective in improving long-term distribution-based diagnostics, while the CNN 508 

primarily contributes to a more spatially coherent representation of daily fields.   509 

CMIP6-MedPlus provides a consistent set of downscaled projections that can support a range of applications in climate-510 

impact research, including hydrology, water resources, agriculture, ecosystem studies, and climate-risk assessment, and 511 

represents a baseline for subsequent refinement in basin-scale and local-scale applications.  512 

Data Availability 513 
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https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview). 516 
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(https://doi.org/10.5281/zenodo.17898529, Todaro et al., 2025).  518 
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