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Abstract. General Circulation Models provide comprehensive climate projections but are limited by coarse spatial 10 

resolution. To address this issue, Regional Climate Models are used for higher-resolution simulations, particularly to assess 

regional climate change impacts. This process, called dynamical downscaling, typically involves continuous simulations 

over a selected period. Alternatively, multiple reinitialized simulations over shorter intervals can be employed to minimize 

error accumulation and reduce computation time through parallel processing. However, this approach may hinder the 

development of certain atmospheric phenomena. In this study, the Weather Research and Forecasting model was used for 15 

continuous and daily reinitialized dynamical downscaling. Simulations were driven by ERA5 and Coupled Model 

Intercomparison Project Phase 6 data at 1º and 1.25º spatial resolution, respectively, covering 115ºW-40ºE in longitude and 

20ºN-60ºN latitude, and downscaled to 20-km resolution. The results were evaluated against ERA5 data at 0.25° resolution 

to assess accuracy. The analysis focused on wind speed, temperature, humidity, precipitation, surface pressure, and solar 

radiation. Overall, both techniques demonstrated good to excellent correlation with the reference data. However, neither 20 

method reliably captured wind speed nor surface pressure in mountainous areas. In ERA5-driven simulations, the 

reinitialized technique performed better than the continuous for air temperature and humidity in coastal regions, whereas the 

continuous approach showed a slight advantage in estimating solar radiation across all surfaces. For CMIP6-driven 

simulations, both downscaling techniques produced similar results, except for solar radiation and over land, where the 

continuous method demonstrated marginally better performance. Considering the significantly lower computational cost of 25 

the reinitialized method - approximately 30 times less in this study - it is recommended as the preferred approach when its 

performance is comparable to or better than that of the continuous method. 

1 Introduction 

The heavy reliance on fossil fuels as the primary energy source greatly accelerates climate change by emitting greenhouse 

gases (GHGs) into the atmosphere (IPCC, 2021). While the most well-known effect is the global rise in air temperature, all 30 
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atmospheric variables are impacted by these altered conditions, therefore influencing many economic and societal sectors 

(Schewe et al., 2019). Understanding how climate change may influence atmospheric characteristics is therefore crucial. 

Climate models have proven to be the most effective and reliable tools for tackling this challenge (Zhang & Li, 2021). 

General Circulation Models (GCMs) are particularly powerful as they provide future climate projections. Among them, the 

6th phase of the Coupled Model Intercomparison Project (CMIP6) (Eyring et al., 2016) offers the latest and most 35 

comprehensive set of GCMs. These models provide atmospheric climate projections based on diverse Shared Socioeconomic 

Pathways (SSPs) (Riahi et al., 2017). SSPs evaluate future GHG emissions by considering a range of factors, including 

population growth, education, urbanization, and economic changes, such as Gross Domestic Product (GDP), under varying 

policy assumptions. However, simulating the entire Earth's atmosphere comes with a significant computational cost, 

resulting in GCMs offering relatively coarse spatial resolution, which limits their effectiveness for regional climate studies. 40 

To achieve higher-resolution data that accounts for regional specifics, dynamical downscaling is employed. This involves 

using a Regional Climate Model (RCM) driven by lower-resolution GCM data to simulate the atmosphere at a finer spatial 

scale for a targeted area (Jacob et al., 2014). Nevertheless, it is crucial to validate the performance of climate models in 

accurately replicating atmospheric trends in a specific region. This validation involves comparing historical model outputs 

with regional observational data. Models that closely match observed data are considered reliable for reflecting actual 45 

conditions and are thus suitable for predicting future atmospheric trends (Thomas et al., 2023). 

 

Atmospheric modelers typically use several methods for dynamical downscaling. The most common approach involves 

conducting a continuous simulation. However, this can lead to error accumulation over time: as the simulation progresses, 

models often deviate from the initial input data used to drive them (Spero et al., 2018). To mitigate this issue, a nudging 50 

correction can be applied, which comes in two forms. Analysis nudging (Deng et al., 2007) guides the model toward 

alignment by minimizing differences between the simulated fields and the interpolated reference data in both space and time 

at each grid point. On the other hand, spectral nudging (Miguez-Macho et al., 2004) addresses model drift by decomposing 

mismatches into Fourier components and selectively adjusting the larger-scale, low-frequency features to match the 

reference data. Both the application of analysis (Bullock et al., 2014; Wooten et al., 2016) and spectral nudging (Glisan et 55 

al., 2013; Spero et al., 2014) improve the dynamical downscaling simulations when compared to no nudging at all, while 

spectral nudging is in theory the most advantageous method in regional climate modeling, because it targets only the large-

scale, resolvable features in the driving data (Spero et al., 2018). Another dynamical downscaling approach is to conduct a 

series of independent, short simulations rather than a single continuous long run. This method has the primary advantage of 

preventing error accumulation since the individual simulation periods are much shorter. Additionally, it can reduce the 60 

overall modeling time, as these shorter simulations can be run in parallel on multiple cores (Jerez et al., 2020). However, this 

approach has limitations, including the potential inability of the RCM to develop certain long-term physical processes, such 

as surface hydrological cycles (Christensen, 1999), or convection for instance, due to the frequent resetting of the model’s 
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variable memory. The reinitialized approach was used in several studies to perform dynamical downscaling, showing great 

accuracy in the modeled data, for instance for winds (Horvath et al., 2012; Thomas et al., 2023; Thomas et al., 2025).  65 

 

Some studies compared continuous and reinitialized dynamical downscaling techniques. Pan et al. (1999) performed a whole 

range of simulations for a 1-month period in the US, from one continuous monthly run to thirty daily runs. They analysed 

several atmospheric variables and demonstrated the feasibility of dividing a long climate simulation into a set of shorter 

ones, when a long-enough disposable spin-up period is respected. In South America, Qian et al. (2003) ran a 5-month 70 

simulation continuously, in five monthly parts, and in several 10-day chunks. They showed that most reinitialized 

simulations resulted in the most accurate precipitation values. Both these studies applied spectral nudging when performing 

continuous dynamical downscaling. Lo et al. (2008) modelled an entire year in the US and found that, when no nudging is 

considered, the reinitialized runs showed better results than the continuous one, except for soil parameters. Additionally, 

more frequent reinitialization gives better results. When applying analysis nudging, the reinitialized and continuous runs 75 

present highly similar values. Analysing two one-month (winter and summer) wind simulations in Portugal, Carvalho et al. 

(2012) demonstrated that the best numerical configuration consisted in grid nudging applied to reinitialized simulations no 

longer than two days. As for Lucas-Picher et al. (2013), they modelled precipitation using both daily-reinitialized (with 6h 

spin-up period) and continuous (without any kind of nudging) dynamical downscaling techniques for a 30-year historical 

period in Europe. They showed that the use of the reinitialized method improved the temporal correlation with observational 80 

data, and showed lower systematic errors than the continuous one. Lastly, Liu et al. (2018) showed that, over China, a daily-

reinitialized dynamical downscaling with 12h spin-up period showed the smaller error for air temperature and humidity than 

a continuous dynamical downscaling with spectral nudging. The opposite occurs for precipitation. To validate their results, 

all the aforementioned studies relied on observational data, which differs from the data used to drive the RCM. While this 

approach has merit, it introduces a potential issue: the RCM output might be accurately dynamically downscaled but still 85 

differ significantly from the data used for comparison. As a result, these studies do not determine which dynamical 

downscaling technique performs best but rather which produces outputs most similar to the chosen validation data. To 

address the first question, the same dataset - at different spatial resolutions - should be used both to drive the RCM (low-

resolution data) and to validate its outputs (high-resolution data). 

 90 

This study aims to assess the performance of two dynamical downscaling processes to reproduce key meteorological 

variables from both reanalysis and climatological datasets, and to identify which approach provides superior dynamical 

downscaling performance. These approaches are a continuous method with spectral nudging and a daily-reinitialized 

method, using the WRF-ARW v4.3.3 model (Skamarock et al., 2021) forced with ERA5 reanalysis dataset at 1º (Hersbach et 

al., 2020) and a CMIP6 multi-model ensemble at 1.25º (Xu et al., 2021). Specifically, the dynamical downscaling is 95 

configured to produce outputs at a 20-km spatial resolution, comparable to the native 0.25º resolution of ERA5, to which the 

results are compared. The analysis focuses on several variables, including wind speed, air temperature, humidity, 
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precipitation, atmospheric pressure, and solar radiation. Simulations will cover the year 2014 with a 6-hour temporal 

resolution, over a domain spanning the North Atlantic and adjacent continental regions (from -115ºW to 40ºE in longitude 

and 60ºN to 20ºN in latitude). 100 

2. Data and Methods 

2.1. WRF model setup 

To perform the dynamical downscalings, the WRF-ARW v4.3.3 meteorological model was fed by initial and boundary 

conditions from the ERA5 reanalysis dataset. Even though it provides data at a 0.25º spatial resolution, only one out of four 

grid points were used (both in longitude and latitude), so that the input data of the WRF model have a 1º spatial resolution. It 105 

also provides data at a 1-hour resolution, but only data at 00:00, 06:00, 12:00 and 18:00 UTC (thus with a 6-hour temporal 

resolution) were used to initialize WRF. The WRF model was also forced with a CMIP6 multi-model ensemble provided by 

Xu et al. (2021). It has a spatial resolution of 1.25º and a temporal resolution of 6 hours and encompasses historical records 

until 2014. To analyse long-term trends, they utilized a multi-model ensemble of 18 GCMs from the CMIP6 project. 

Additionally, bias correction was applied using ERA5 reanalysis data for the period 1979-2014, while internal climate 110 

variability was preserved by incorporating 6-hourly anomalies from a single CMIP6 model (MPI-ESM1-HR). 

 

The model was configured with a single domain of a 20-km spatial and 6-hour temporal resolution. It covers an area ranging 

from -115ºW to 40ºE in longitude, and 60ºN to 20ºS in latitude (Figure 1). Nevertheless, only data above 20°N was selected 

to perform the analysis, since the WRF parametrization used in this study shows especially positive results in subtropical and 115 

extratropical areas (Insua-Costa & Miguez-Macho, 2018; Insua-Costa et al., 2019). The year 2014 was considered as the 

study period, because it is qualified as a typical year since the dominant regional variability patterns, like the North Atlantic 

Oscillation and El Niño–Southern Oscillation, did not exhibit extreme phases (Fernández-Alvarez et al., 2023a). Also, this 

year has been used by Liu et al. (2018) for summer studies in the Asian region, specifically on China. Additionally, the 

following parameterizations were used: WSM6 microphysics scheme (Hong & Lim, 2006), Yonsei University planetary 120 

boundary layer scheme (Hong et al., 2006), Unified Noah land-surface model (Tewari et al., 2004), Revised MM5 surface 

layer scheme (Jiménez et al., 2012), RRTMG shortwave and longwave radiations scheme (Iacono et al., 2008) and Kain-

Fritsch cumulus parametrization (Kain, 2004). Lastly, high resolution (30 s) geographical static data from the WRF 

preprocessing system (WRF Users Page, 2024) was used to perform the simulations.  

 125 
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Figure 1. Topography and bathymetry (m) of the area where dynamical downscaling is performed. Black box represents the 

domain simulated with the WRF model, while red box is the area under study. 

2.2. Dynamical downscaling methods 

Two dynamic downscaling methods were performed, both using the WRF model with the previously described 130 

configuration. The only difference between them was whether the simulation was run continuously or as a series of short-

term simulations, each initialized with a cold start. In the first method, a continuous simulation of the year 2014 was 

performed, corrected with spectral nudging for waves longer than 1000 km to minimize disruptions in the large-scale 

circulation within the regional model domain, caused by interactions between the model solution and the lateral boundary 

conditions (Fernández-Álvarez et al., 2023b). Additionally, the continuous simulation included a one-month spin-up period, 135 

starting on December 1, 2013, at 00:00 UTC, and was run on a single core. In the second method, the year 2014 was 

simulated using 365 independent daily runs, each preceded by a 12-hour spin-up period. Each short simulation required an 

adjustment period for the model to reach equilibrium, during which the outputs were discarded (Seck et al., 2015). As a 

result, each run lasted 36 hours, starting at 12:00 UTC on the previous day of interest. Moreover, these simulations were 

executed in parallel using 40 cores, significantly reducing the computational cost compared to the continuous simulation. 140 

 

Let N represent the number of days to be simulated in a dynamical downscaling, TD the time required to simulate one day, 

and S (in days) the spin-up period. For a continuous dynamical downscaling, the total simulation time T is calculated as TD(S 

+ N). In a reinitialized downscaling approach, the total simulation time increases theoretically. For instance, with daily 

reinitialization and the same spin-up period, the total time required would be TD(SN + N). However, since each run is 145 

independent, they can be executed in parallel using multiple cores. If C is the number of cores, the total time becomes T = 

TD(SN + N)/C. It is important to note that the spin-up period can vary between continuous and reinitialized simulations, 

affecting the time difference between the two methods. For example, simulating one year using 40 cores, with a spin-up 

period of one month (SC) for the continuous run and 12 hours (SR) for the reinitialized run, results in the computational time 
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of the reinitialized technique being about 3.46% of the continuous method. The higher spin-up period in the continuous run 150 

has minimal impact, since with a 12-hour value for SC, the ratio increases slightly to 3.74%. If the spin-up period for the 

reinitialized simulation increases, the ratio rises significantly but remains below 100%. For SR values of 1 day, 7 days, and 

30 days, the ratios are approximately 5%, 18%, and 72%, respectively. Additionally, as N grows indefinitely, the ratio 

asymptotically approaches (SR + 1)/C, which equals 3.75% under the given conditions, therefore the total length of the 

period to be simulated do not have a great impact. The most influential factor on the ratio between the computational times 155 

of the two methods is the number of cores. If only one core is used, continuous downscaling is faster, with the reinitialized-

to-continuous time ratio at around 139%. Using two cores already benefits the reinitialized method, reducing the ratio to 

69%. The ratio further decreases to below 50% with three cores, 10% with 15 cores, 5% with 25 cores, and so on. Lastly, it 

should be noted that in continuous simulations, nudging is often applied, and therefore the time required to simulate one day 

(TD) would be higher than for reinitialized simulations. 160 

 

Several variables were studied, to evaluate the performances of both simulation methods. Wind speed at 10 meters above 

surface (W10), air temperature at 2 meters above surface (T2), dew point temperature at 2 meters above surface (DPT2), and 

surface atmospheric pressure (PSFC) are instantaneous variables, obtained every 6 hours. Precipitation (RAIN) and surface 

shortwave solar flux downwards (RSDS), referred to as solar radiation, are accumulated variables, meaning the value 165 

obtained at a specific timestamp represents the accumulated value through the 6 hours preceding this same timestamp. All 

the aforementioned variables are direct outputs of the WRF simulations. Lastly, the integrated moisture vertical transport 

(IVT) was post-processed using the eastward (u) and northward (v) components of the wind, as well as the specific humidity 

(q), using the following equation: 

IVT = √(
1

g
∫ qudp

 

Ω

)

2

+ (
1

g
∫ qvdp

 

Ω

)

2

 

 (1) 170 

where Ω refers to the atmospheric column ranging between 1000 and 300 hPa (Ratna et al., 2016), and g to gravitational 

acceleration. 

2.3. Validation of the dynamical downscaling methods 

The two dynamical downscaling techniques were performed using both reanalysis and climatic data, as complementary 

approaches. The simulations were firstly performed using data from the ERA5 reanalysis dataset with a 1º spatial resolution, 175 

being dynamically downscaled by the WRF model to reach a 20-km one. Thus, the outputs of the simulation were compared 

with the ERA5 data with a 0.25º spatial resolution. By using the same data type for both the dynamical downscaling and the 

validation, potential biases related to differences in data sources are minimized. Dynamical downscaling simulations were 

also conducted using data from the CMIP6 multi-model ensemble (Xu et al., 2021) at 1.25º spatial resolution to force the 

WRF model. The resulting outputs, dynamically downscaled at 20-km, were then compared with the original ERA5 data at 180 
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its native 0.25º resolution. In this case, it is necessary to consider that the datasets for dynamical downscaling and validation 

are from different sources which can introduce some bias. Nevertheless, it is a common approach when modelling future 

climate data: an historical period must also be modelled and compared with observational or reanalysis data, such as the 

ERA5 dataset. Models that closely align with observed data are deemed reliable for representing real-world conditions and 

are therefore well-suited for forecasting future atmospheric trends. To achieve the validation process, a bilinear interpolation 185 

of the output grid (WRF, 20-km) on the comparison one (ERA5, 0.25º) was performed. This way, the values of the several 

variables can be compared at the exact same grid points. Moreover, only the 6-hourly data from ERA5 and CMIP6 were 

used, for the year 2014, to coincide with the WRF outputs temporal resolution. 

 

Several metrics were applied to validate the results of both simulation methods using ERA5 data as the validation dataset. 190 

First of all, the Overlapping Percentage (OP, Perkins et al., 2007), between the WRF outputs and the ERA5 data, was 

calculated at each grid point. It consists in computing the probability density function of each series of values, using a 

specified number of bins and increment between them. Then, the OP is calculated, at every one of the grid points, using the 

next equation: 

OP (%) = 100 ∗ ∑ minimum(Zi
WRF, Zi

ERA5)

n

i=1  

 (2) 195 

where n is the number of bins, and Zi is the frequency of occurrence of the variable’s value corresponding to the bin (i), from 

the WRF or ERA5 dataset. This metric permits to compare the global distribution of the simulated and the reference values 

of a variable. The higher its value, the higher the resemblance between both datasets.  

 

Another metric, the Normalized Root Mean Square Error (NRMSE) was used to validate the results of the dynamical 200 

downscaling processes at each grid point, following the next formula:  

 

NRMSE (%) = √
∑ (xt

WRF − xt
ERA)2T

t=1

T
(xmax

ERA − xmin
ERA)⁄

 

 (3) 

where T is the number of time steps (1460 for the year 2014 with a 6-hour temporal resolution), xt is the value of the variable 

at time step (t), from the WRF or ERA5 dataset, and 𝑥𝑚𝑖𝑛
𝐸𝑅𝐴 and 𝑥𝑚𝑎𝑥

𝐸𝑅𝐴  are the minimal and maximal values from the ERA data, 205 

considering all time steps, at the specific grid points. Basically, this metric is the Root Mean Square Error (RMSE) 

normalized by the amplitude of the ERA5 signal and permits to compare the instantaneous difference between the simulated 

and the reference values of a variable, meaning at each one of the time steps. The lower its value, the lesser the differences 

between both datasets.  

 210 
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In order to compare the results of the validation between the reinitialized and continuous dynamical downscaling processes, 

the difference between the metrics (OP and NRMSE) calculated for both of these methods was computed using the following 

formulas. 

ΔOP (%) = OPReinitialized − OPContinuous (4) 

 215 

ΔNRMSE (%) = NRMSEContinuous − NRMSEReinitialized (5) 

 

Thus, for both of these metrics, a positive value of Δ indicates a more accurate dynamical downscaling using the reinitialized 

method, as well as a negative value of the continuous method. Additionally, the metrics of comparison were also averaged 

across the area under study according to the soil type. The soil type “Ocean” represents grid cells entirely covering ocean or 220 

sea areas, while “Coast” corresponds to cells that include both sea and land surfaces. For the remaining grid cells, areas with 

altitudes below 1000 m are categorized as “Land” whereas regions with altitudes above 1000 m are classified as “Mountain”.  

 

Lastly, for all the variables under study, Taylor diagrams (Taylor, 2001) were plotted, showing the standard deviation (STD, 

equation 6) of the reference and modelled data, as well as the Correlation Coefficient (CC, equation 7) between them, 225 

according to the soil type. The RMSE were not plotted, for better readability of the figures, and since similar information is 

already known with the NRMSE variable, described previously. The unit of the STD metric is the same as the one of the 

variables under study, while CC are expressed as number between 0 and 1, corresponding to percentages. Both these metrics 

permit, like the NRMSE, to perform an instantaneous comparison. 

 230 

STD = √
∑ (xi

 − x)2N
i=1

N
 

 (6) 

CC =
∑ (xi

WRF − xWRF) (xi
ERA − xERA)

 
N
i=1

√∑ (xi
WRF − xWRF)N

i=1

2
∑ (xi

ERA − xERA)N
i=1

2
 (7) 

 

In these equations, xi represents the values of the variable for all grid points corresponding to the specific soil type, and all 

the time steps of the simulations (total of N values), while 𝑥 is the average of these xi values. The STD is computed for both 235 

the ERA5 validation data and the two WRF simulations, while the CC is calculated exclusively for the WRF simulations, 

with the ERA5 data included in the equation. 
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Only the OP was applied to validate the results of both downscaling methods when forced with CMIP6 data, as it serves as a 

climatic comparison metric. The other metrics described above are instantaneous and, therefore, cannot be applied to 240 

simulations using GCM data. 

3. Results and Discussion 

3.1. Dynamical downscaling forced with reanalysis data (ERA5) 

3.1.1. Wind Speed at 10-meter height (W10) 

The W10 OP and NRMSE distributions for both downscaling methods, as well as their differences for these two metrics, is 245 

shown in Figure 2. Climatologically, the continuous (Figure 2a) and reinitialized (Figure 2b) simulations exhibit very similar 

OP values. Over the sea, there is significant agreement with ERA5 data, with OP values generally exceeding 90%. Over 

land, OP values decrease slightly but still remain above 80% in most regions. Notably, values below 50% are mainly found 

in mountainous areas (see Figure 1). Similar OP values were obtained in the Gulf of Mexico (Costoya et al., 2019), and the 

eastern US coast (Costoya et al., 2020) using data from the Coordinated Regional Climate Downscaling Experiment 250 

(CORDEX), obtained through a continuous dynamical downscaling and compared with buoys data. Additionally, similar OP 

values were obtained in the waters of Atlantic Europe (Thomas et al., 2025) as well as the Canary Islands (Thomas et al., 

2023) performing a daily-reinitialized dynamical downscaling (with a 12-hour spin-up period) from a CMIP6 multi-model 

ensemble, and comparing the results with ERA5 and buoys data. The differences in OP between the reinitialized and 

continuous simulations are highlighted in Figure 2c. Both over the sea and land, the two downscaling methods yield 255 

comparable results. However, in regions near Texas and Egypt, the continuous method performs better, showing a 10% 

increase. Similarly, mountainous areas show a slight advantage for the continuous simulation, with values approximately 

10% higher. Table 1 presents the OP values averaged according to soil type, confirming the excellent performance over the 

sea for both simulations, with values around 94% and minimal variation (STD below 3%). Over land, the continuous and 

reinitialized simulations show similarly high OP values, though slightly lower at approximately 83% and with greater spatial 260 

variability (STD around 12%). In mountainous regions, the continuous simulation achieves better results (+2%) but remains 

lower overall (~64%) with significant variability (STD ~19%). Additionally, Table 1 provides details for coastal areas, 

which are not clearly visible in Figure 2. Both downscaling methods effectively model W10 in these areas, with OP values 

exceeding 80%. However, the continuous simulation yields slightly higher values (~85%, +3%) and better spatial 

consistency (STD ~10%, +1%).  265 

 

Regarding NRMSE, which reflects the temporal consistency between simulated and reference data, the outcomes are very 

similar. Figures 2d and 2e illustrate the spatial distribution of this metric for the continuous and reinitialized simulations, 

respectively. The lowest NRMSE values, ranging from 5-10%, are observed in the Atlantic Ocean, while a slight increase is 
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noted in the Gulf of Mexico, the Mediterranean, and the Black Sea (~10%). Comparable NRMSE values are found over land, 270 

except in mountainous regions where they exceed 25%. Figure 2f, depicting the NRMSE difference between the continuous 

and reinitialized simulations, indicates that the reinitialized simulation generally performs slightly better over the sea (+5%), 

as well as in areas near Egypt and Texas. Similar to the OP metric, the continuous simulation yields marginally better results 

in mountainous regions, particularly in the Alps, with NRMSE values about 15% higher. Table 1 supports these 

observations, showing slightly better results over the sea for the reinitialized simulation (~6%, +1%), with low variability for 275 

both downscaling methods (STD ~2%). Over land, the values are higher and very similar between the two approaches 

(~14%, STD ~8%). In mountainous regions, both methods yield relatively low values, but the continuous run performs 

slightly better (~28%, +1%) and displays more uniformity (STD ~22%, +1%). Finally, both simulations demonstrate good 

accuracy in coastal areas, with NRMSE values around 13% and a standard deviation of about 7%, comparable to those over 

land. 280 

 

 

Figure 2. W10 variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) continuous 

and (second row) reinitialized simulations, and (third row) differences between the two methods. 

 285 
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Table 1. W10 variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 290 
averaged according to the soil type, and standard deviation. 

 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 93.7 ± 2.6 93.8 ± 2.0 6.5 ± 2.2 7.5 ± 2.2 

Coast 82.8 ± 11.1 85.5 ± 9.9 13.2 ± 7.3 12.6 ± 6.3 

Land 83.1 ± 12.0 83.5 ± 11.7 13.9 ± 8.5 13.8 ± 7.9 

Mountain 62.6 ± 18.9 64.2 ± 19.1 29.5 ± 23.1 28.2 ± 21.8 

 

The CC and STD of the simulated W10 values based on soil type is shown in Figure 3. Over land and mountainous areas, the 

ERA5 reference data shows an STD of approximately 1.9 m/s, whereas the simulated values display a STD of about 2.1 m/s 295 

(+11%) for land and 2.4 m/s (+26%) for mountainous regions. The CC over land is approximately 0.80, while over 

mountains it drops to around 0.63. The results from both simulations are nearly identical. In coastal areas, the reference data 

has a STD close to 2.6 m/s, compared to 2.7 m/s (+4%) and 2.8 m/s (+8%) for the continuous and reinitialized simulations, 

respectively, with both showing a CC of 0.81. Over the sea, the reference data indicates an STD of around 3.7 m/s, whereas 

the continuous and reinitialized runs have STDs of approximately 3.8 m/s (+3%) and 3.9 m/s (+5%), respectively. However, 300 

the CC for the continuous method is about 0.93, slightly lower than the 0.95 observed for the reinitialized approach. 

Fernández-Alvarez et al. (2023b) used the WRF model to dynamically downscale data from a CMIP6 model (CESM2) 

through a continuous simulation. Their validation, comparing results with ERA5, showed relatively uniform values across 

the Atlantic Ocean. In a region like that of the present study, but extending southward to the Equator, they reported a sea 

surface CC of approximately 0.93, closely matching the value found in this study. 305 
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Figure 3. W10 variable: CC and STD for the continuous (circles) and reinitialized simulations (squares) according to the soil type. 

Colored dotted lines represent the STD of the reference data (ERA5). 

3.1.2. Air Temperature at 2-meter height (T2) 310 

Figure 4 presents the OP and NRMSE metrics for the T2 variable for both downscaling methods, along with the differences 

between the two methods. From a climatic perspective, the continuous (Figure 4a) and reinitialized (Figure 4b) simulations 

demonstrate consistently high OP values, exceeding 80% across the entire region. The values are notably elevated over the 

sea, often surpassing 90%, while they are slightly reduced over land. However, the continuous run appears to produce poorer 

outcomes in coastal zones, where the OP may drop to 50%, unlike the reinitialized simulation, which maintains strong 315 

continuity in values between the sea and land. Figure 4c illustrates the OP differences between the two downscaling 

methods, confirming this coastal discrepancy, as the reinitialized run shows up to 30% higher OP values. Over the sea, the 

methods generally yield similar outcomes, with the exception of areas west of North Africa, where the continuous run 

outperforms by 10%, and in the Hudson Bay, where the reinitialized method has a 10% advantage. On land, both approaches 

produce highly comparable results, aside from the Alps and North Africa, where the continuous run demonstrates a 10% 320 

improvement, and above Canada where its counterpart shows a similar increase. Table 2 corroborates that both downscaling 

methods deliver comparable results over the sea, with an average OP of about 93%. However, the reinitialized run 

demonstrates lower variability, with an STD of approximately 3%, which is 3% better than that of the continuous run. Over 

land and mountainous regions, both simulations yield slightly lower yet similar outcomes, with average OP values around 

88% and STDs of 3%. In coastal areas, the reinitialized run achieves a consistent OP with a STD of around 4%, whereas the 325 

continuous run shows significantly poorer results, with a 9% decrease in OP and a 7% increase in STD, indicating greater 

variability. 
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The NRMSE distribution reveals a similar pattern. Both simulations show the best results over the sea, with values around 

5%, except in the Hudson Bay for the continuous run (Figure 4d) and near the Greater Antilles for both downscaling 330 

methods (~10%). Over land, values are generally low (approximately 5%), except in regions like the Alps, North Africa, and 

the Rocky Mountains in the US, where they can reach up to 10%, especially in the reinitialized run (Figure 4e). Moreover, 

the continuous run exhibits higher NRMSE values in coastal regions, reaching up to 20% in certain areas, whereas the 

reinitialized method maintains greater continuity between sea and land.  Jerez et al. (2020) obtained similar RMSE 

distribution in Europe, with values oscillating between 1.5 and 2.5 ºC performing a continuous dynamical downscaling with 335 

a one-month spin-up period and using the WRF model. Figure 4f, which shows the difference in NRMSE between the 

continuous and reinitialized runs, highlights the comparable results between both methods over the sea. The reinitialized run 

demonstrates improved performance in Canada and the Hudson Bay (+5%) and in coastal areas (up to +15%), while the 

continuous method shows a closer resemblance to the reference T2 (from ERA5) in the Rocky Mountains, the Alps, and 

North Africa (+5%). Table 2 shows that both simulations yield very similar NRMSE distributions over the sea, with values 340 

around 4% for the reinitialized run and 5% for the continuous run, accompanied by a 2% STD. Over land, both methods 

maintain a comparable NRMSE of approximately 5% and a similar STD, as well as in mountainous areas, with values 

around 6%, maintaining a similar STDs as observed in other terrain types. Finally, the reinitialized simulation achieves a 

NRMSE of about 5% in coastal regions, with a 2% STD, while the continuous run presents higher values, close to 9% in 

NRMSE and 4% in variability. Liu et al. (2018) explored T2 modelling using two dynamical downscaling approaches: daily 345 

reinitialized (with a 12-hour spin-up) and continuous (with spectral nudging) simulations. They used ERA-Interim data to 

drive the WRF model, and compared their results to 0.5º data from the National Meteorological Information Centre of the 

China Meteorological Administration. Their analysis, limited to land areas regardless of altitude, revealed spatially averaged 

RMSE values of 2.78 ºC and 3.17 ºC for the reinitialized and continuous approaches, respectively. In this study, focusing 

solely on land and mountainous regions, RMSE values of 2.54 ºC and 2.63 ºC were obtained for the same approaches. While 350 

both studies suggest that reinitialized dynamical downscaling provides more accurate T2 estimates over land, the present one 

globally shows better results, as well as lower difference between both techniques. 
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Figure 4. T2 variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) continuous 355 
and (second row) reinitialized simulations, and (third row) differences between the two methods. 

Table 2. T2 variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 

averaged according to the soil type, and standard deviation. 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 93.0 ± 2.7 92.3 ± 5.3 4.1 ± 1.5 4.8 ± 2.2 

Coast 87.6 ± 3.7 79.3 ± 10.7 5.5 ± 2.2 8.7 ± 3.9 

Land 88.0 ± 2.7 87.9 ± 2.5 5.2 ± 2.0 5.3 ± 1.4 

Mountain 87.0 ± 3.0 87.6 ± 2.8 6.3 ± 2.1 5.6 ± 1.6 

 

The CC and STD of simulated T2 values according to soil type is displayed in Figure 5. Over the sea, the ERA5 reference 360 

data has a STD of around 8.6 °C, with the reinitialized run showing 8.9 °C (+3%) and the continuous run being 0.1 °C higher 

(+5%). Both simulations have a comparable CC, slightly above 0.99. In mountainous regions, both runs also share a CC of 

0.97. The STD for the reference data is 11.3 °C, while it is 11.2 °C (-1%) for the reinitialized run and 10.9 °C (-4%) for the 

continuous run. In coastal areas, the continuous run presents an STD of 14.5 °C (+6%), which aligns more closely with the 

reference data (13.7 °C) than the reinitialized run (14.6 °C, +7%). However, the reinitialized simulation exhibits a higher CC 365 

of 0.99, compared to 0.97 for the continuous run. Over land, both runs show a similar CC of 0.99. The STD in the reference 

data is 14.5 °C, while it measures 14.8 °C for the reinitialized run (+2%) and 15.4 °C for the continuous run (+6%). When 
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analysing the average CC over land and mountainous regions, both techniques yield similar values of approximately 0.98. 

This aligns with Liu et al. (2018), who also reported comparable results between the two methods, though slightly lower, at 

around 0.90. 370 

 

 

Figure 5. T2 variable: CC and STD for the continuous (circles) and reinitialized simulations (squares) according to the soil type. 

Colored dotted lines represent the STD of the reference data (ERA5). 

3.1.3. Dew Point Temperature at 2-meter height (DPT2) 375 

Figure 6 displays the OP and NRMSE metrics for the DPT2 variable for both downscaling methods, emphasizing the 

differences between the two methods. From a climate perspective, the continuous (Figure 6a) and reinitialized (Figure 6b) 

simulations consistently achieve high OP values, surpassing 80% across most of the region. However, the continuous 

simulation tends to show reduced performance in coastal areas, with OP values potentially dropping to 50%, unlike the 

reinitialized run, which maintains more consistent values between the sea and land. This coastal discrepancy is further 380 

highlighted in Figure 6c, where the reinitialized method shows up to 30% higher OP values. Over the sea, the reinitialized 

simulation typically performs better, with improvements of up to 10%. On land, both approaches yield similar results, except 

in North Africa, where the reinitialized run shows up to a 20% improvement, apart from its Mediterranean region, where the 

continuous run records a 10% increase in OP. This could be related to the fact that this variable depends on the relative 

humidity and evaporation and specifically, the Mediterranean is a very evaporative area (Gimeno et al., 2010), which is 385 

perhaps better reflected in continuous simulations (Liu et al., 2018). Near Mexico and Texas, the reinitialized simulation also 

shows a 10% improvement. According to Table 3, the reinitialized method generally produces superior results regardless of 

soil type, showing a 90% OP over the sea (+2%) and 88% over land and mountainous regions (+1%). While the standard 

deviation (STD) of the reinitialized method is 3% better over the sea, both techniques exhibit similar variability over land 
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and mountains. However, in coastal regions, the continuous simulation is notably less effective, with an OP of 76% (-12%) 390 

and a higher variability, indicated by an STD of 15% (+11%). 

 

Regarding NRMSE, the reinitialized simulation (Figure 6d) generally shows marginally better outcomes, although both 

downscaling methods produce comparable results. Most regions display relatively low NRMSE values (~5%), except for 

certain areas such as the Rocky Mountains, the Alps, the coastal zones of Morocco and Algeria, and the vicinity of the Red 395 

Sea, where values reach around 10% and can peak at 25%. In the oceanic area west of North Africa, NRMSE values hover 

around 10% for the continuous run (Figure 6e) only. Figure 6f, which illustrates the differences in NRMSE between the two 

methods, confirms that the reinitialized simulation generally achieves better performance, with improvements between 5% 

and 10% across most of the domain and up to 15% in coastal regions. Table 3 further supports these observations. Both 

simulations yield similar results in mountainous areas, with an average NRMSE of approximately 8% and a STD of 3%. 400 

However, the reinitialized method achieves NRMSE values of 5% over the ocean and 6% over coastal and land areas, while 

the continuous method exhibits NRMSE values that are 2%, 4% and 1% higher in these regions, respectively. Variability 

over land is similar for both methods (STD ~ 3%), but the continuous simulation shows poorer performance over the ocean 

(+1% STD) and coastal regions (+2% STD), with variability values of 2% and 5%, respectively. 

 405 

 

Figure 6. DPT2 variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) 

continuous and (second row) reinitialized simulations, and (third row) differences between the two methods. 
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Table 3. DPT2 variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 410 
averaged according to the soil type, and standard deviation. 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 89.9 ± 3.0 87.6 ± 5.7 5.4 ± 1.2 7.0 ± 2.3 

Coast 88.1 ± 4.2 76.0 ± 15.5 6.0 ± 2.8 9.9 ± 4.7 

Land 88.3 ± 3.9 86.8 ± 4.5 6.2 ± 2.8 7.3 ± 2.9 

Mountain 87.7 ± 3.8 86.9 ± 4.6 8.3 ± 2.7 8.5 ± 2.8 

 

Figure 7 illustrates the CC and STD of simulated DPT2 values across different soil types. The reference data shows a STD of 

approximately 8.6 °C over both the sea and mountainous areas. Over the sea, the reinitialized and continuous simulations 

have slightly higher STDs, at 8.7 °C (+1%) and 8.8 °C (+2%), respectively. In mountainous regions, the reinitialized 415 

simulation records an STD of 8.8 °C (+2%), while the continuous one shows 8.5 °C (-1%). Both simulations yield similar 

CC values, about 0.99 over the sea and 0.93 in mountainous zones. Over land, the reinitialized run records an STD of 11.5 

°C (+5%), compared to 11.0 °C for the reference data and 11.8 °C for the continuous simulation (+7%), with both achieving 

a CC of approximately 0.97. In coastal areas, both simulations have an STD of about 13.7 °C, which is 0.5 °C higher than 

the reference (+4%). The reinitialized simulation maintains a CC close to 0.99, while the continuous simulation lags slightly 420 

with a CC that is 0.04 points lower. Liu et al. (2018) also obtained similar CC values for the relative humidity between both 

dynamical downscaling techniques, though quite lower (around 0.65) across all land types in China. 

 

 

Figure 7. DPT2 variable: CC and STD for the continuous (circles) and reinitialized (squares) simulations according to the soil 425 
type. Colored dotted lines represent the STD of the reference data (ERA5). 
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3.1.4. Accumulated Precipitation (RAIN) 

Figure 8 presents the OP and NRMSE distributions for the RAIN variable for both downscaling approaches, highlighting the 

differences between the two methods. From a climatic perspective, both the continuous (Figure 8a) and reinitialized (Figure 

8b) simulations consistently exhibit substantial OP values, exceeding 70% across the entire region. Notably, OP values 430 

surpass 90% in North Africa, while the lowest values, around 70%, are found in the western Atlantic Ocean. The rest of the 

region generally shows OP values above 80%. Figure 8c, which illustrates the differences in OP values between reinitialized 

and continuous runs, indicates that the continuous simulation generally models the RAIN variable more accurately over the 

sea, with results up to 10% higher, and in Eastern Europe, with an increase of about 5%. On the other hand, the reinitialized 

simulation performs better along the Gulf of Mexico's coastal areas, with OP values approximately 5% higher. Across most 435 

of the domain, both methods show minimal differences, particularly in North Africa. These findings are supported by Table 

4, which shows average OP values of 85%, 90%, 93%, and 92% over the sea, coastal regions, land, and mountains, 

respectively, regardless of the simulation type. In terms of STD, values range between 4% and 5% for the latter three terrain 

types, while they fluctuate between 6% and 7% over the sea. 

 440 

Regarding NRMSE, the spatial distribution for the continuous (Figure 8d) and reinitialized (Figure 8e) simulations appears 

rather irregular. Most regions exhibit values between 5% and 15%, with localized peaks reaching up to 25%, particularly in 

northeastern Africa. Jerez et al. (2020) obtained a similar RMSE distribution in Europe, though with different magnitude 

since they computed the daily-accumulated precipitation. The highest variability is observed in coastal areas of the Adriatic 

Sea. Figure 8f, which depicts the NRMSE differences between the two downscaling methods, indicates that the reinitialized 445 

simulation achieves marginally better results across the study area, generally outperforming the continuous run by a few 

percentage points, with an increase up to 20% in the northeast corner of Africa. Table 4 corroborates these observations, 

showing that the reinitialized simulation performs slightly better (+1%) over the ocean (7%), land (8%), and mountains 

(9%). Both simulations display similar variability over the ocean (STD ~ 3%) and mountains (STD ~ 5%). However, over 

land, the continuous simulation exhibits greater heterogeneity, with a 5% higher STD, reaching 10%. Finally, in coastal 450 

areas, both methods report comparable NRMSE values of approximately 8%, with STDs around 3%. Liu et al. (2018), 

analysing the daily-accumulated precipitation above lands in China, obtained similar RMSE values around 11.0 and 11.6 

mm for the continuous and reinitialized runs, respectively, quite worse than the 1.45 and 1.38 mm obtained in the present 

study for the 6-hour accumulated precipitation. 

 455 
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Figure 8. RAIN variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) 

continuous and (second row) reinitialized simulations, and (third row) differences between the two methods. 

Table 4. RAIN variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 

averaged according to the soil type, and standard deviation. 460 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 84.4 ± 6.7 85.5 ± 6.2 7.0 ± 2.8 7.7 ± 2.8 

Coast 89.8 ± 4.4 89.5 ± 4.8 7.7 ± 3.6 7.7 ± 3.2 

Land 92.9 ± 4.5 92.9 ± 4.4 8.0 ± 5.2 8.8 ± 9.8 

Mountain 91.9 ± 4.7 92.0 ± 4.5 8.8 ± 4.8 9.4 ± 4.6 

 

Figure 9 displays the CC and STD of simulated RAIN values across different soil types. While the continuous run shows 

STDs more closely aligned with the reference data, the reinitialized simulation achieves higher CC values. The ERA5 

reference data reports STDs of 1.4 mm for mountains, 1.6 mm for land, 2.0 mm for coastal areas, and 2.2 mm over the sea. 

In comparison, the continuous simulation shows STDs of 2.0 mm (+43%), 2.1 mm (+31%), 2.2 mm (+10%), and 2.5 mm 465 

(+14%) for these areas, respectively. The reinitialized run presents higher STDs of 2.1 mm (+50%), 2.3 mm (+44%), 2.6 mm 

(+30%), and 2.9 mm (+32%) for the same soil types. Despite this, the reinitialized approach achieves better CC values, with 

0.61 over mountains, 0.67 over land, 0.70 in coastal areas, and 0.71 over the ocean, while the continuous run records CC 

values of 0.53, 0.58, 0.63, and 0.60 for the respective regions. In China, Liu et al. (2018) reported CC values over land and 
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mountains of 0.43 for continuous and 0.12 for reinitialized downscaling. In contrast, the present analysis shows higher 470 

values of approximately 0.57 and 0.65, respectively, with a smaller difference between both methods and improved 

correlation, especially for the reinitialized run, which shows the best value. Additionally, Lo et al. (2008) reported CC values 

for daily-accumulated precipitation in the US, ranging globally from 0.30 to 0.80, with highly similar results for both 

continuous and reinitialized dynamical downscaling methods. The average values obtained in the present study fall within 

this range.  475 

 

 

Figure 9. RAIN variable: CC and STD for the continuous (circles) and reinitialized (squares) simulations according to the soil 

type. Colored dotted lines represent the STD of the reference data (ERA5). 

3.1.5. Surface Atmospheric Pressure (PSFC) 480 

Figure 10 illustrates the OP and NRMSE distributions for the PSFC variable for the two downscaling methods, emphasizing 

the differences between the two methods. From a climatic perspective, both the continuous (Figure 10a) and reinitialized 

(Figure 10b) simulations demonstrate a comparable spatial distribution of OP values across the region of interest. On a 

broader scale, the OP exceeds 80%, reaching up to 90% over the ocean. However, mountainous regions (as indicated in 

Figure 1) distinctly show lower OP values, dropping below 50%. Figure 10c further indicates minimal variation between the 485 

two downscaling methods, with differences not exceeding a 5% increase for either approach. These observations are 

corroborated by Table 5, which shows that the average OP is nearly identical for both simulations: 89% over the ocean, 80% 

in coastal areas, 83% over land, and 60% in mountainous regions. The standard deviations for these areas are 4%, 15%, 13%, 

and 27%, respectively, suggesting limited variability only over the ocean. 

 490 
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The NRMSE distribution follows a similar trend for both the continuous (Figure 10d) and reinitialized (Figure 10e) 

simulations. Values remain below 5% across most of the region but increase to over 25% in mountainous areas. Figure 10f 

highlights the minor differences between the downscaling techniques, demonstrating their overall similarity. However, the 

reinitialized simulation shows slightly improved NRMSE values over the Atlantic Ocean and marginally higher values in 

regions like North Africa, the Mediterranean, and the Gulf of Mexico. Table 5 confirms these findings, indicating 495 

comparable results based on soil type: approximately 2% over the ocean (STD ~ 2%), 6% in coastal areas (STD ~ 9%), 5% 

over land (STD ~ 7%), and 19% in mountainous areas (STD ~ 21%).  Lo et al. (2008), using the WRF model, performed 

several kinds of dynamical downscaling for a one-year period in the US, among them a continuous and a weekly-

reinitialized one. Their results also show that both methods yield similar RMSE values for PSFC, around 5 hPa. Similarly, 

Pan et al. (1999) demonstrated the high similarity between continuous and daily-reinitialized dynamical downscaling 500 

techniques when analysing PSFC. 

 

 

Figure 10. PSFC variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) 

continuous and (second row) reinitialized simulations, and (third row) differences between the two methods. 505 
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Table 5. PSFC variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 510 
averaged according to the soil type, and standard deviation. 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 89.2 ± 3.7 89.1 ± 3.7 2.2 ± 1.7 2.3 ± 1.8 

Coast 80.3 ± 15.0 80.2 ± 15.2 5.9 ± 9.3 5.9 ± 9.3 

Land 83.0 ± 12.8 82.9 ± 12.9 5.4 ± 7.0 5.2 ± 7.0 

Mountain 60.1 ± 27.3 60.0 ± 27.4 19.2 ± 20.7 19.0 ± 20.8 

 

Finally, Figure 11 illustrates the CC and STD of simulated PSFC values across various soil types. The results show strong 

agreement with the reference data (ERA5), with CC values of approximately 0.99 for both simulations across all soil types. 

Over the ocean, the reference data presents a STD of 9.9 hPa, which is 0.1 hPa (-1%) and 0.2 hPa (-2%) lower for the 515 

reinitialized and continuous simulations, respectively. In coastal regions, the STD for the reference data is 22.3 hPa, with the 

reinitialized and continuous simulations showing an increase of 0.3 hPa (+1%) and 0.2 hPa (+1%), respectively. Over land, 

the reference data’s STD is 29.1 hPa, with both simulations exhibiting a marginal increase of 0.1 hPa (< 1%). Such increase 

is observed in mountainous areas (< 1%), where the reference data indicates an STD of 48.5 hPa. 

 520 

 

Figure 11. PSFC variable: CC and STD for the continuous (circles) and reinitialized (squares) simulations according to the soil 

type. Colored dotted lines represent the STD of the reference data (ERA5). 
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3.1.6. Accumulated Surface Short-Wave Solar Flux Downwards (RSDS) 

The OP and NRMSE distributions for the RSDS variable for the two downscaling approaches is displayed in Figure 12, 525 

highlighting the differences between the two methods. From a climatic perspective, both the continuous (Figure 12a) and 

reinitialized (Figure 12b) simulations exhibit a similar pattern. Values remain fairly consistent across the study area, ranging 

between 70% and 80% for OP. The highest values are observed in North America and the Atlantic Ocean, while they tend to 

be slightly lower over Europe, and notably lower in North Africa, particularly in the reinitialized run. Comparable OP values 

derived from continuous dynamical downscaling and compared with ERA5 were reported in the US and its eastern coast 530 

(Costoya et al., 2023), as well as in the western Iberian Peninsula (Costoya et al., 2022) using CORDEX data. Figure 12c 

illustrates the difference in OP between the two simulations, showing comparable results in North America and the western 

Atlantic, while the continuous simulation exhibits superior values in the eastern region (+5%) and over Europe and North 

Africa (+10%).  Table 6 corroborates the superior performance of the continuous simulation across various soil types. It 

reports 3% higher values over the ocean (85%), in coastal zones (86%), and over land (83%), and 2% higher in mountainous 535 

regions (83%) compared to the reinitialized run. Additionally, the continuous simulation demonstrates reduced variability, 

except over the sea, where both show a standard deviation of 4%. On land, as well as in coastal and mountainous regions, the 

variability is around 4%, which is 2% better than in the reinitialized simulation. These results might indicate that convection 

is better modelled in the continuous simulation. 

 540 

Regarding NRMSE, the results show some differences. Although both the continuous (Figure 12d) and reinitialized (Figure 

12f) simulations present similar distributions, the lowest values (~5%) are observed in the western part of North America and 

North Africa. These values increase in the Atlantic Ocean, peaking at approximately 10%, particularly in the reinitialized 

simulation, while the highest values (~15%) appear in Europe and the eastern part of North America. Figure 12f indicates 

that differences in NRMSE between the two runs are minimal over land, but the continuous simulation generally yields 545 

better outcomes over the ocean, notably in areas such as Hudson Bay, the Gulf of Mexico, and the Atlantic Ocean. Table 6 

supports these observations. Both simulations exhibit similar results over land (9%, STD ~3%) and in mountainous regions 

(8%, STD ~2%). However, over the ocean and in coastal regions, the continuous simulation shows slightly better 

performance (9% and 8%, respectively), outperforming the reinitialized run by 1%, while maintaining comparable variability 

(STD ~2% and 1%, respectively). 550 
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Figure 12. RSDS variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) 

continuous and (second row) reinitialized simulations, and (third row) differences between the two methods. 

Table 6. RSDS variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 555 
averaged according to the soil type, and standard deviation. 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 82.4 ± 4.0 85.3 ± 3.9 9.3 ± 1.4 7.8 ± 1.2 

Coast 83.0 ± 5.6 85.8 ± 3.9 9.6 ± 2.0 8.8 ± 2.0 

Land 80.3 ± 6.5 83.3 ± 4.5 9.3 ± 2.7 9.0 ± 2.7 

Mountain 81.2 ± 5.7 83.4 ± 3.6 7.8 ± 1.8 7.5 ± 1.9 

 

Figure 13 presents the CC and STD of simulated RSDS values across different soil types. The reference dataset (ERA5) 

shows a STD of 218 W/m² in coastal regions, while the continuous and reinitialized runs have higher STDs of 246 W/m² 

(+17%) and 251 W/m² (+20%), respectively. Both simulations achieve a similar CC of 0.97. Over the ocean, the continuous 560 

and reinitialized runs report STDs of 258 W/m² (+12%) and 259 W/m² (+12%), compared to 231 W/m² for the reference 

data. The continuous run has a slightly higher CC at 0.98, compared to 0.97 for the reinitialized run. On land, the reference 

data's STD is 239 W/m², with the continuous and reinitialized runs showing increases of 29 W/m² (+12%) and 31 W/m² 

(+13%), respectively, and CC values of 0.98 and 0.97. In mountainous regions, the continuous run records a STD of 287 

W/m² (+28 W/m², +11%), while the reinitialized run has 289 W/m² (+30 W/m², +12%), both demonstrating a CC of 0.98. 565 
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Figure 13. RSDS variable: CC and STD for the continuous (circles) and reinitialized (squares) simulations according to the soil 

type. Colored dotted lines represent the STD of the reference data (ERA5). 

3.1.7. Integrated Moisture Vertical Transport (IVT) 570 

Figure 14 illustrates the distributions of OP and NRMSE for the IVT variable for the two downscaling methods, emphasizing 

the differences between the two methods. From a climate analysis perspective, both continuous (Figure 14a) and reinitialized 

(Figure 14b) simulations yield highly similar outcomes, with OP values consistently near 90% across the studied region. 

However, the results appear marginally better (by a few percentage points) over land compared to the ocean. This 

observation is supported by Figure 14c, which indicates that the differences between the simulations are negligible. Table 7 575 

corroborates these findings: the average OP values are approximately 88% over the ocean (STD ~ 2%), 90% in coastal zones 

(STD ~ 2%), and 91% over land and mountainous regions, with corresponding STDs of about 2% and 3%. 

 

The NRMSE results, however, show some variation. While both continuous (Figure 14d) and reinitialized (Figure 14e) 

simulations present comparable distributions, the lowest NRMSE values (~ 5%) are predominantly observed over the ocean, 580 

North Africa, Atlantic Europe, and Canada. In contrast, the highest NRMSE values, reaching around 10%, are concentrated 

in the Rocky Mountains and Central Europe, particularly the Alps. Figure 14f highlights that the reinitialized simulation 

produces marginally improved NRMSE values, up to 5% lower in most regions, particularly over the Atlantic Ocean and 

North Africa. On the other hand, Central Europe shows slightly better results from the continuous simulation, probably due 

to the better accuracy of this method for modelling humidity transport in areas of complex orography. Table 7 reaffirms 585 

these findings, indicating average NRMSE values of 4% in coastal and land areas, and around 6% in mountainous regions, 

with STDs of 2%, 1%, and 2%, respectively, regardless the downscaling method. On the contrary, over the ocean, although 
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both simulations share an STD of approximately 1%, the continuous run shows a slight increase (+1%) in NRMSE, yielding 

a value of 5%. 

 590 

 

Figure 14. IVT variable: (left column) OP and (right column) NRMSE between WRF and ERA5 data for the (first row) 

continuous and (second row) reinitialized simulations, and (third row) differences between the two methods. 

Table 7. IVT variable: OP and NRMSE between WRF and ERA5 for the continuous and reinitialized simulations, spatially 

averaged according to the soil type, and standard deviation. 595 

 
OP (%) NRMSE (%) 

Reinitialized Continuous Reinitialized Continuous 

Ocean 88.6 ± 1.9 88.3 ± 2.0 3.6 ± 1.3 4.7 ± 1.6 

Coast 90.3 ± 2.4 90.5 ± 2.1 4.0 ± 1.7 4.3 ± 1.7 

Land 91.3 ± 2.0 91.2 ± 1.9 4.2 ± 1.4 4.6 ± 1.4 

Mountain 90.7 ± 3.0 90.6 ± 3.1 6.4 ± 2.0 6.6 ± 2.0 

 

Figure 15 compares the CC and STD of simulated IVT values across various soil types. The reference dataset (ERA5) shows 

the lowest STD in mountainous areas, about 70 kg/m/s, compared to 69 kg/m/s (-1%) for the reinitialized run and 67 kg/m/s 

(-4%) for the continuous one. The reinitialized simulation achieves a CC of 0.90, slightly higher than the 0.89 seen in the 

continuous run. Over land, the reference data has a STD of 108 kg/m/s, while the continuous and reinitialized runs show 600 

values 2 kg/m/s (+2%) and 4 kg/m/s (+4%) higher, with CCs of 0.95 and 0.96, respectively. In coastal regions, the STDs are 
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128 kg/m/s (+4%) and 127 kg/m/s (+3%) for the reinitialized and continuous runs, compared to 123 kg/m/s for the reference 

data. The reinitialized run shows a slight advantage with a CC of 0.97, compared to 0.96 for the continuous one. Over the 

ocean, the reference dataset’s STD is 158 kg/m/s, with the continuous and reinitialized runs having increases of 3 kg/m/s 

(+2%) and 4 kg/m/s (+3%), and CCs of 0.95 and 0.97, respectively. 605 

 

 

Figure 15. IVT variable: CC and STD for the continuous (circles) and reinitialized (squares) simulations according to the soil type. 

Colored dotted lines represent the STD of the reference data (ERA5). 

3.2 Dynamical downscaling forced with GCM data (CMIP6) 610 

When forcing the WRF model with CMIP6 data, the outputs from both dynamical downscaling techniques are also highly 

consistent. Table 8 shows the average OP between the modelled data and ERA5 at 0.25º, along with the STD of the OP, for 

each of the seven atmospheric variables analysed and across all soil types. Additionally, Figures A1 to A7 from the 

Appendix section illustrate the distribution of OP of all atmospheric variables variable for the two downscaling methods, as 

well as the differences between both techniques. 615 

 

 

 

 

 620 
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Table 8. Average OP (%) and associated STD (%) for the all the atmospheric variables and soil types, considering the CMIP6-

driven continuous (reinitialized) technique. If there is no value between parenthesis, both techniques result in the same value. 625 

  W10 T2 DPT2 RAIN PSFC RSDS IVT 

Ocean 
OP (%) 91 (90) 83 82 84 83 86 (83) 86 

STD (%) ± 3 ± 6 ± 6 ± 7 ± 3 ± 4 ± 3 

Coast 
OP (%) 82 (81) 83 (81) 82 (80) 89 (88) 78 86 (83) 87 

STD (%) ± 11 ± 5 ± 6 ± 5 ± 14 ± 4 (6) ± 3 

Land 
OP (%) 82 (79) 85 (82) 82 (78) 92 (91) 80 83 (80) 88 

STD (%) ± 13 ± 3 ± 5 ± 5 ± 11 ± 4 (7) ± 3 

Mountain 
OP (%) 62 (58) 86 (85) 82 (79) 91 60 84 (82) 89 

STD (%) ± 20 ± 3 ± 6 ± 4 ± 26 ± 4 (6) ± 3 

 

Above the ocean, as shown in Figure 16, both dynamical downscaling techniques result in particularly similar values, with 

differences in average OPs values remaining below 1% for all variables except RSDS, which shows a difference of 3%. All 

OPs are above the 80%. 

 630 

 

Figure 16. Average OP for the reinitialized (red circles) and continuous (blue squares) simulations, and standard deviations (black 

lines), over ocean areas. 

 

When using CMIP6 data instead of ERA5 to drive the WRF model, a global decrease in OP values is observed in oceanic 635 

areas: 3% for W10, 10% for T2, 8% (reinitialized) and 5% (continuous) for DPT2, 1% for RAIN, 6% for PSFC, and 2% for 

IVT, with no changes for RSDS. In terms of STDs, overall values remain similar, with increases of 1% for W10 and IVT (in 

both downscaling techniques) and around 3% for T2 and DPT2 (only in the reinitialized simulation). 
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Figure 17 shows the average OP over coastal areas for each of the seven atmospheric variables analysed, along with their 640 

respective STDs. Both dynamical downscaling techniques produce similar results, with differences falling within the range 

of the STDs for all variables. The only notable difference is a 3% higher OP and 2% lower STD for RSDS in the continuous 

method, indicating a better correlation with the reference data and a slightly greater stability for this variable using that 

method (Table 8). All OPs are above or close to 80%. 

 645 

 

Figure 17. Average OP for the reinitialized (red circles) and continuous (blue squares) simulations, and standard deviations (black 

lines), over coast areas. 

 

The impact of using CMIP6 instead of ERA5 data is heterogeneous. For both downscaling techniques, OP decreases by 2% 650 

for PSFC and 3% for IVT, while RSDS remains unchanged. In the reinitialized and continuous simulations, OP reductions of 

2% and 3% were observed for W10, and 2% and 1% for RAIN, respectively. Notably, in the continuous simulation, OP 

increase by 4% for T2 and 6% for DPT2, whereas in the reinitialized simulation, OP decrease by approximately 6% and 8%. 

However, it is important to highlight that when using ERA5 data, the continuous simulation initially showed lower OP 

values than the reinitialized simulation for these two variables (see sections 3.1.2 and 3.1.3). Regarding STDs, the 655 

continuous simulation shows reductions of 5% for T2 and 10% for DPT2, while PSFC decreases by about 1% in both 

techniques. No changes are observed for RSDS in either method or for IVT in the reinitialized simulation. Lastly, all other 

variables and downscaling techniques, STD increases remain below 2% compared to the ERA5-driven simulations. 

Figure 18 presents the average OP over land areas for each of the seven atmospheric variables analysed, along with their 

respective standard deviations. While both simulation techniques produce similar results, the continuous method generally 660 

yields higher OP values, although these differences remain within the range of the STDs for all variables (Table 8). Once 

again all OPs are above, or close to, the 80%. 
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Figure 18. Average OP for the reinitialized (red circles) and continuous (blue squares) simulations, and standard deviations (black 665 
lines), over land areas. 

 

Using CMIP6 data instead of ERA5 as input for the WRF model results in a general decrease in OP values. In the 

reinitialized and continuous simulations, OP decreases by 4% and 2% for W10, 5% and 3% for T2, 10% and 5% for DPT2, 

2% and 1% for RAIN, and 3% and 2% for IVT, respectively. For PSFC, both techniques show a 3% decline, while RSDS 670 

remains unchanged. The STDs remain largely consistent when using CMIP6 input data. In both simulation techniques, STDs 

increase by 1% for DPT2 and RAIN and decrease by 1% for PSFC. For W10, the reinitialized simulation shows a 2% 

increase, while the continuous simulation shows a 1% increase, which also applies to IVT. 

 

Lastly, Figure 19 presents the average OP over mountainous areas for each of the seven atmospheric variables under study, 675 

along with their respective standard deviations. W10 and PSFC show relatively low values, around 60%, with corresponding 

STDs of approximately 20% and 25%, making both simulations unreliable for these variables in mountainous regions. The 

OPs and the STDs for each downscaling technique are summarized in Table 8. Note that the differences between 

downscaling techniques fall within the range of the STDs for all variables. 

 680 
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Figure 19. Average OP for the reinitialized (red circles) and continuous (blue squares) simulations, and standard deviations (black 

lines), over mountain areas. 

 685 

When using CMIP6 data as input for the WRF model, there is a general decrease or stagnation in OP values, except for 

RSDS in the reinitialized simulation, where a 1% increase is observed. Specifically, OP decreases by 2% for T2, 9% for 

DPT2, and 1% for IVT in the reinitialized simulation. For the continuous simulation, decreases are 2% for T2, 5% for DPT2, 

and 2% for IVT. Regarding STDs, they are generally similar for both techniques, except for DPT2, where they increase by 

2% in the reinitialized simulation and 1% in the continuous simulation. 690 

4. Conclusion 

Despite the valuable global climate projections provided by GCMs, their coarse spatial resolution limits their applicability 

for regional studies. RCMs address this limitation through dynamical downscaling, typically performed via continuous 

simulations or, alternatively, multiple re-initialized simulations over shorter intervals. Each approach has strengths and 

limitations: the re-initialized method minimizes error accumulation and drastically reduces computational costs, though it 695 

may restrict the development of certain atmospheric phenomena. This study applied the WRF model to evaluate continuous 

and daily re-initialized dynamical downscaling approaches, using ERA5 and CMIP6 data at 1° and 1.25º spatial resolution, 

respectively, downscaled to 20 km. Spectral nudging was incorporated into the continuous simulation, which included a one-

month spin-up period, whereas the reinitialized simulation utilized a 12-hour spin-up period. The results were evaluated 

against ERA5 data at 0.25° resolution for various atmospheric variables, including wind speed, temperature, humidity, 700 

precipitation, surface pressure, and solar radiation, for both climatic and instantaneous comparison. The main findings, based 

on ERA5 forcing of the dynamical downscaling model, are summarized as follows: 
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• W10: Both methods demonstrate excellent performance in marine areas but are unreliable in mountainous regions. 

In coastal and land areas, they exhibit good climatic correlation with reference data, though instantaneous 705 

correlation is moderate. 

 

• T2 and DPT2: Both techniques yield excellent and comparable results overall, except in coastal regions where the 

continuous method produces only moderate outcomes. 

 710 

• RAIN: Climatologically, both methods perform excellently. However, their instantaneous results are moderate. 

 

• PSFC: Both approaches deliver similar and good results, with exceptional performance over the ocean. However, 

they are unreliable in mountainous areas. 

 715 

• RSDS: Both methods provide good results, with the continuous simulation showing a slight advantage. 

 

• IVT: Both techniques achieve excellent and comparable results across all scenarios. 

 

When using CMIP6 data as input, the overall patterns remain similar, although the performance is generally lower compared 720 

to ERA5 forcing. Although the datasets used for dynamical downscaling and validation come from different sources - which 

can introduce some bias - no major differences are observed between the two dynamical downscaling techniques, except that 

the continuous method avoids the lower performance observed, compared to the reinitialized technique, for T2 and DPT2 in 

coastal areas for ERA5-driven simulations. 

 725 

Given the significantly lower computational cost of the re-initialized method - approximately 30 times less in this study - it is 

the preferred option when its performance is comparable to or exceed that of continuous downscaling. This makes it a highly 

efficient alternative for high-resolution climate modeling without compromising accuracy in many scenarios. 

 

While this study provides detailed insights into the differences between reinitialized and continuous dynamical downscaling, 730 

it remains a case-specific analysis. Various factors could influence these findings. For example, employing a different 

atmospheric model instead of WRF, or altering its sub-grid scale processes parametrization options, might yield distinct 

results. Likewise, changes in the domain, spatial resolution, or study area could produce varied findings. Additionally, 

modifying the reinitialization frequency (other than the daily interval used here) or adjusting the spin-up period for both 

techniques, could likely influence the results, and alter the computational cost ratio. Finally, although this analysis focuses 735 

on key atmospheric variables, expanding the study to include others could reveal further differences between downscaling 

approaches. 

https://doi.org/10.5194/egusphere-2025-1339
Preprint. Discussion started: 28 March 2025
c© Author(s) 2025. CC BY 4.0 License.



33 

 

Data availability  

The WRF model, used to perform the dynamical downscalings, can be downloaded from the UCAR website 

(https://www2.mmm.ucar.edu/wrf/users/download/get_source.html). Post-Processing was performed using MATLAB, 740 

which can be downloaded from the MathWorks website (https://www.mathworks.com/products/matlab.html). Codes 

required to conduct the analyses are available at https://doi.org/10.5281/zenodo.15091479 (Thomas, 2025). All data used in 

this study are publicly available. The multi-model ensemble CMIP6 data (Xu et al., 2021) can be downloaded from the 

Science Data Bank (https://doi.org/10.11922/sciencedb.00487). ERA5 data (Hersbach et al., 2020) can be downloaded from 

the Copernicus Climate Data Store (https://doi.org/10.24381/cds.adbb2d47)  745 
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Appendix 

 

Figure A1. W10 variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 785 
reinitialized simulations, and (c) difference between the two methods. 
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Figure A2. T2 variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 

reinitialized simulations, and (c) difference between the two methods. 790 

 

 

Figure A3. DPT2 variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 

reinitialized simulations, and (c) difference between the two methods. 

 795 
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Figure A4. RAIN variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 

reinitialized simulations, and (c) difference between the two methods. 

 

 800 

Figure A5. PSFC variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 

reinitialized simulations, and (c) difference between the two methods. 
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Figure A6. RSDS variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 805 
reinitialized simulations, and (c) difference between the two methods. 

 

 

Figure A7. IVT variable: OP between CMIP6-driven WRF simulated data and 0.25º-ERA5 data for the (a) continuous and (b) 

reinitialized simulations, and (c) difference between the two methods. 810 
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