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 A B S T R A C T

Study region: Belgium
Study focus: In July 2021, Western Germany, the Netherlands and Belgium were hit by extreme 
rainfall events of unprecedented intensity, raising concerns about future trends. To assess future 
trends in extreme precipitation frequency and intensity, we use the regional climate model MAR 
at 5-km spatial resolution to conduct climate projections until 2100. MAR is forced by a set 
of six CMIP6 Earth System model (ESMs) with 4 IPCC scenarios ranging from low to high-end 
warming.
Study insights: First, an Extreme Value Analysis (EVA) is performed on bias-adjusted daily 
model outputs over 30-year moving windows. We find that, on average, extreme precipitation 
intensity rises following the Clausius-Clapeyron scaling, i.e., a 7% increase per additional degree 
of global warming. This trend results from a clear increase in the spread and in the modes of 
the extreme precipitation event distributions. Second, an EVA is performed over the complete 
simulated period (2015-2100). Our analyses reveal that, even under low-warming scenarios, 
return level maps, i.e., representing the precipitation values associated with a certain return 
period, are more intense than those obtained using observational data over 1951-2021. For the 
21st century, the 20-year daily return level can locally reach 100 mm per day, which represents 
a 25%–30% increase relative to the present day.

1. Introduction

The rainfall event of July 2021 which caused major floods over western Germany, Belgium and the Netherlands was of 
unprecedented intensity. The amount of cumulated precipitation over 3 days (i.e., 14th to 16th of July) reached 290 mm in the 
basin of the Vesdre valley (purple contour in Fig.  1a) (Journée et al., 2023), accounting for approximately 20% of the annual mean 
precipitation over High Belgium (Erpicum et al., 2017) (Fig.  1). Belgium’s topography generally follows a northwestern-southeastern 
gradient with its highest parts located in the Ardennian Massif near the German border (purple contour in Fig.  1b). Usually, we 
distinguish three topographic areas: Low Belgium (0–100 m), Medium Belgium (100–300 m) and High Belgium (above 300 m) (Fig. 
1). Over Medium and Low Belgium, annual precipitation average ranges from 600 to 800 mm with a 1300 mm peak for the highest 
parts of Belgium. Dominant Westward Circulation patterns explain this precipitation pattern, exhibiting relatively low values for an 
oceanic type climate (Erpicum et al., 2017).
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Fig. 1. (a) Precipitation on the 14th of July 2021 as recorded by the radar (Journée et al. 2021). The catchment of the Vesdre river is highlighted in purple. 
(b) MAR inner domain topography at 5 km. The Ardennian Massif is located in Belgium and highlighted in purple.

Table 1
ESMs used to force MAR at its lateral boundaries (modified after (Sobolowski et al., 2023)). TCR 
= Transient Climate Response.
 CMIP6 ESM Member TCR Plausible

range (1.2K-2.4K)
Name in this paper 

 MIROC6 r1ip1f1 1.55 MAR-MIR  
 NorESM2-MM r1ip1f1 1.33 MAR-NS2  
 MPI-ESM-2-HR r1ip1f1 1.66 MAR-MPI  
 EC-Earth3-Veg-HR r1ip1f1 2.62 MAR-EC3  
 CMCC-CM2-SR5 r1ip1f1 2.09 MAR-CR5  
 IPSL-CM6A-LR r1ip1f1 2.32 MAR-IPSL  

In July 2021, the Vesdre valley experienced strong floods resulting from extreme precipitation, with major damages to human 
infrastructures (Dewals et al., 2021) (Fig.  1a). Recent analyses attributed a 400-year return period to this extreme precipitation 
event (Tradowsky et al., 2023), which was linked to a very singular meteorological situation, with at least three aggravating factors.

At the synoptic scale, the meteorological situation was driven by a depression centered over Germany with an associated North-
East flux over Belgium. On top of this, a quasi-stationary rainy occluded front stagnated over the whole Vesdre valley for three 
consecutive days, constituting a first aggravating factor. A second factor was related to the depression typology: a cut-off low with 
an associated cold core. That cold air, which was at middle altitudes (about 5 kilometers), enhanced the precipitation production 
by allowing ascending convective movements into the air mass, hence leading to rapid moist condensation. The depression was 
also unstable which favored the formation of embedded convective precipitation. A third factor lies in the topography of the 
Ardennian Massif (Fig.  1b) which ‘‘barrier effect’’ played a key role in forcing the air mass to rise, in turn enhancing condensation 
and subsequent precipitation (ECMWF, 2021).

In a context of global warming, it is crucial to determine whether such events become more frequent and more intense in the near 
future. At the global scale, the predicted precipitation change varies spatially but the frequency of more intense events is expected to 
increase (IPCC, 2023b). The rarer the event the higher the increase in intensity (Gründemann et al., 2022; Pfahl et al., 2017). Hence, 
the 100-year return period for 1-day rainfall intensity is expected to raise by 13.5 to 38.3% for low and high emissions scenarios, 
respectively. However, for the Western Central Europe region, while the observed change in heavy precipitation shows an increase, 
the confidence in the anthropogenic contribution remains low (IPCC, 2023a). At the European scale, for Summer, EURO-CORDEX 
Regional Climate Models (RCMs) ensemble simulations show a drying of the Mediterranean area while Northern Europe experiences 
wetter conditions with trends being more pronounced for high emission scenarios (Rajczak and Schär, 2017). For extreme events 
with return periods ranging from 10 to 100 years, the increase in intensity varies from 15 to 35% in Northwestern Europe by 
2070–2099 for the AR5 RCP8.5 scenario.

The impact of global warming on extreme precipitation has been studied in various countries (Babaousmail et al., 2022; Kendon 
et al., 2023; Luppichini et al., 2023; Arnbjerg-Nielsen, 2012). However, in Belgium, only a few studies have assessed these impacts 
of climate change (de Vyver et al., 2021; Muñoz Lopez et al., 2023). For instance, Hosseinzadehtalaei et al. (2018) analyzed the 
outputs of the Euro-Cordex community members to explore the response of Intensity Duration Frequency curves (IDFs) to Global 
Warming at specific locations. Their results suggest that the 10-year return level of daily rainfall might increase by 50 to 70% under 
a RCP8.5 scenario for Central Belgium.

Kreienkamp et al. (2021) attributed the July 2021 event by computing trends in extreme precipitation distributions shapes. 
Their results suggest that the occurrence of the 2021 large scale event has become 1.2 to 9 times more likely due to climate change. 
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Although the return period is estimated at 400 years based on observations, its frequency is expected to further increase with 
additional global warming. The findings of Mohr et al. (2023) and Ludwig et al. (2023) showed the July 2021 rainfall event could 
have even been 7 to 9% more intense per degree of added global warming. Using a storyline approach, they concluded that this 
event was 11% more intense than it would have been under pre-industrial conditions.

In this paper, we use climate projections from one high-resolution Regional Climate Model (RCM) called MAR (Modèle 
Atmosphérique Régional) to estimate future trends in extreme precipitation events intensity and frequency across Belgium, and 
quantify their intensity within the 21st century. First, using the Extreme Value Analysis (EVA) theory, we look at future daily extreme 
precipitation anomalies over 30-year periods (Section 3.1). Then, the whole simulated period (2015–2100) is used to compute 
absolute values of extreme precipitation associated to particular return periods, hereafter referred to as return levels (Section 3.2). 
Finally, we discuss the methodological choices and the major limitations of the conducted analyses (Section 4).

2. Material and method

2.1. The MAR model

Here we use the Modèle Atmosphérique Régional (MAR) at high spatial resolution (5-km, Fig.  1) to locally explore the impact of 
global warming on extreme precipitation frequency and intensity.

MAR is a hydrostatic regional climate model (RCM) solving primitive equations (Gallée and Schayes, 1994a), which has been 
thoroughly evaluated over Belgium for both temperatures (Doutreloup et al., 2022b,a) and precipitation (Doutreloup et al., 2019). 
For precipitation, special attention has been drawn to events linked to floods over the Ourthe catchment (Wyard et al., 2021) and to 
more specific meteorological events such as freezing rain Fettweis et al. (2017). MAR’s convection is parameterized after (Bechtold 
et al., 2001; Doutreloup et al., 2019). Its atmospheric part is described in Gallée and Schayes (1994b) and Gallée (1995). MAR 
is coupled with the Soil Ice Snow Vegetation Atmosphere Transfer model (SISVAT) which represents the interactions between the 
surface and the atmosphere, the percolation of water in the soil and surface run-off (Wyard et al., 2017). Here, we use the latest 
MAR version 3.14 (Grailet et al., 2024). MAR domain (Fig.  1) is rotated for computational efficiency purposes and to cover Belgium, 
parts of Western Germany, Northern France, the Netherlands and Luxembourg within a same grid.

Over the present climate (1940–2021), MAR was forced by ERA5 reanalyses (MAR-ERA5) and was evaluated using observational 
data from the Belgian Royal Meteorological Institute (RMI). For climate projections, MAR was forced by six CMIP6 community 
members (Table  1) using a single nesting procedure. Control runs (1980–2014) were first compared to MAR outputs and observations 
over their overlapping period. By doing so, we assessed the performance of MAR outputs, ensuring their ability to be used as input 
of Extreme Value Analyses (EVA) (Table 2). The six CMIP6 Earth System Models (ESMs) members (Table  1) forcing MAR were 
selected following the recommendations of the Euro-Cordex community (Sobolowski et al., 2023). The used ESMs have different 
climate sensitivities as highlighted by their Transient Climate Responses (TCR). The TCR can be defined as the Global Warming 
Level (GWL) reached by the ESM for a doubling of the initial CO2 concentration, with the CO2 being added in the atmosphere 
at a constant rate (IPCC, 2023b). Four Shared Socioeconomic Pathways baseline scenarios (SSP) are used ranging from low-end 
(SSP1-2.6) to high-end emissions (SSP5-8.5) (see Fig.  3 for the Global Mean Surface Temperature (GMST) anomaly reached under 
specific scenarios for all the models).

2.2. Statistical methodology

Here, we use two common approaches in EVA, namely the Annual Maxima (AM) and Peaks Over Threshold (POT) to assess the 
robustness of our methodology. These two approaches fit stationary laws (GEV and GPD respectively) to the studied samples, i.e, 
where parameters do not vary with time. The results of this paper focus on the POT approach since both approaches yield close 
results (see discussion Section 4.1.1).

2.2.1. Peaks Over Threshold (POT) approach
The Peaks Over Threshold (POT) approach fits a General Pareto Distribution (GPD) to threshold exceedances. Selecting values 

exceeding a given precipitation threshold 𝑢 yields a larger sample size with more information about the distribution of high 
precipitation events. To ensure that all the selected events are statistically independent, clusters must be identified in the sample. A 
cluster is defined as a group of events (one event or more) separated by a period of time shorter than a given number of days (Coles, 
2001). For this study, it was set to 7 days (one week) which is an arbitrary choice. However, one week seems to be a reasonable 
value for selecting events that are caused by independent synoptic patterns.

When all the clusters have been identified, only the highest values of the clusters (i.e., exceeding threshold 𝑢) are conserved 
in the sample. Here, we set this threshold to the 99.5 th quantile of the daily rainfall (including dry days). This value was chosen 
because it fulfills the requirement of having an average value of selected events per year 𝜆 > 2. The latter requirement confers an 
advantage to the POT over the AM method, which is based on one selected event per year (Grandry et al., 2020; Cunnane, 1979; 
Taesombut et al., 1978). The impact of the threshold choice is further discussed in Section 4.1.2. The GPD has two parameters 𝜎
and 𝜉 which are respectively the scale parameter and the shape parameter. The 𝜎 parameter affects the spread of the distribution 
and 𝜉 influences the weight of the distribution tail (Supplemantary Figure S1a displays the impacts of those parameters on the GPD 
3 
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Table 2
Statistical parameters computed spatially over Belgium over the control period 1981–2010 : Mean value, standard deviation (std), mean 
bias (MB), Random Mean Square Error (RMSE) and determination coefficient (r2) for the 2-year and 20-year return levels (duration 
= 24 h) over Belgium (spatial statistics). Units for mean, std, MB and RMSE are mm.hour−1. MB and RMSE are computed using the 
difference between the observed return levels and the simulated ones for all the pixels within Belgium. 
 models 2-year return level 20-year return level
 Mean std MB MB (%) RMSE r2 Mean std MB MB (%) RMSE r2  
 Obs 1.7 0.2 0.0 0.0 0.00 1.00 2.9 0.4 0.0 0.0 0.00 1.00 
 MAR-ERA5 1.2 0.2 −0.5 −30.5 0.54 0.74 2.0 0.3 −0.8 −29.7 0.92 0.48 
 MAR-MPI 1.1 0.2 −0.6 −36.0 0.63 0.68 1.7 0.2 −1.1 −40.2 1.22 0.09 
 MAR-EC3 1.1 0.2 −0.6 −34.9 0.61 0.79 1.8 0.3 −1.1 −38.7 1.20 0.04 
 MAR-MIR 1.2 0.2 −0.5 −27.6 0.51 0.61 2.1 0.3 −0.7 −25.9 0.86 0.26 
 MAR-NS2 1.3 0.2 −0.4 −25.9 0.47 0.70 2.0 0.3 −0.8 −29.7 0.94 0.20 
 MAR-CR5 1.4 0.2 −0.4 −20.9 0.39 0.69 2.2 0.3 −0.6 −22.5 0.74 0.44 
 MAR-IPSL 1.1 0.2 −0.6 −37.7 0.66 0.68 1.7 0.3 −1.1 −39.0 1.22 0.03 

Probability Density Function (PDF)). After the fitting, the return level associated to a return period of 𝑇  years 𝑅𝑇  can be obtained 
following (Coles, 2001): 

𝑅𝑇 =

{

𝑢 + 𝜎
𝜉 (𝜆𝑇 )

𝜉−1 , for 𝜉 ≠ 0
𝑢 + 𝜎𝑙𝑜𝑔(𝜆𝑇 ) , for 𝜉 = 0

(1)

Here 𝑢 and 𝜆 represent, respectively, the chosen threshold value and the mean number of clusters exceeding the threshold each 
year.

The fitting of the EVA statistical laws are performed by Maximum Likelihood Estimation (MLE) using the R package ismev (Gille-
land, 2003).

2.2.2. Representation of extremes in MAR
Over Belgium, using observational data from the control period 1981–2010, the GPD-derived 24-hour 2 and 10-year return levels 

reach intensities of up to 1.7 and 2.8 mm.hour−1 (Table  2). The mean bias of MAR-ERA5 for different return levels is on average 
around -30%. However, when MAR is forced by CMIP6 ESMs, the mean bias increases (about 35% for MAR-EC3, MAR-MPI and 
MAR-IPSL) or decreases in some cases (around 21% for MAR-CR5). The ability of MAR to correctly represent extreme precipitation 
events seems to rely on the forcing ESMs ability to create synoptic extreme weather patterns at the domain boundaries. Since the 
occurrence of such patterns is partly stochastic and depends on the internal variability of the ESMs over the study area (Jain et al., 
2023; Kendon et al., 2023), for higher return levels (e.g. 20 years), spatial correlation coefficients (r2) can drop to 0.03 (MAR-EC3).

Those biases illustrate the need for bias-adjustment of MAR outputs. Here, the observations used for MAR outputs correction 
consist in gridded daily precipitation data from the Royal Meteorological Institute (RMI) covering the period 1950–2021 at a 
resolution of 5 km (Journée et al., 2023).

The bias-adjustment procedure used to correct the sampled values is based on the distributions of the POT (i.e., 𝑢 = 99.5th 
quantile of the daily precipitation time-series) over the period 1981–2010. Bias-adjustment consists in matching the simulated 
quantiles to the observed ones. This technique is referred to as Equidistant quantile matching (EDCDFm) (Pierce et al., 2015).

Projected precipitation values 𝑉𝑠𝑖𝑚 are corrected using a multiplicative change factor 𝐶𝐹 . To calculate this factor, the position 
of 𝑉𝑠𝑖𝑚 in the simulated Cumulative Density Function (CDF) must be retrieved. This requires to identify the two empirical quantiles 
𝑞𝑠𝑖𝑚,𝑖 and 𝑞𝑠𝑖𝑚,𝑖+1 with 𝑞𝑠𝑖𝑚,𝑖 < 𝑉𝑠𝑖𝑚 < 𝑞𝑠𝑖𝑚,𝑖+1. Then, 𝐶𝐹  is computed using the observed quantiles of the control period (1981–2010) 
𝑞𝑜𝑏𝑠,𝑖 and 𝑞𝑜𝑏𝑠,𝑖+1, and the quantiles of the simulated daily precipitation over the control period 𝑞𝑐𝑜𝑛𝑡,𝑖 and 𝑞𝑐𝑜𝑛𝑡,𝑖+1 : 

𝐶𝐹 = [
𝑞𝑜𝑏𝑠,𝑖
𝑞𝑐𝑜𝑛𝑡,𝑖

∗ 𝑊𝑖 +
𝑞𝑜𝑏𝑠,𝑖+1
𝑞𝑐𝑜𝑛𝑡,𝑖+1

∗ 𝑊𝑖+1] − 1 (2)

where 𝑊𝑖 and 𝑊𝑖+1 represent weights which are computed as follows: 

𝑊𝑖 = 1 −
𝑉𝑠𝑖𝑚 − 𝑞𝑠𝑖𝑚,𝑖

𝑞𝑠𝑖𝑚,𝑖+1 − 𝑞𝑠𝑖𝑚,𝑖
> 0 (3)

CF can reach 50% on the coast of Belgium where MAR struggles at representing extreme precipitation. Over regions with steeper 
topographic gradients, its performance increases with lower CF values down to 15% (Fig.  2).

To avoid abrupt changes over short distances in the return level maps, which might not be representative of the reality, all pixel 
values shown in maps hereafter have been smoothed using a 3 by 3 averaging kernel, which is an arbitrary choice.

3. Results

3.1. Linking extreme precipitation anomalies to global warming (working on 30-year periods)

The distributions of extreme events are overall shifting towards more extreme values. Firstly, the modes of the extremes are 
increasing, as shown by the rise of the threshold 𝑢 (99.5th quantile) in the POT approach (Fig.  3a). This parameter displays an 
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Fig. 2. Average Correction Factor (CF) from quantile 90 to quantile 99 of the POT (Peaks over Threshold) for two selected models ((a) MAR-ERA5 and (b) 
MAR-MPI). Other models are displayed in Supplementary Figure S3.

Fig. 3. Anomalies relative to 1981–2010 averaged over 30-year moving windows (from 2021–2050 to 2071–2100 with a 10-year time-step) for (a) POT threshold, 
(b) GPD-derived 𝜎. A linear regression is applied to the data clouds (black dotted line of slope a and intercept b). The impact of those parameters on the PDFs 
is displayed in Supplementary Material Fig. S1. The GMST anomaly reached for each model is plotted on Supplementary Material Fig. S2.

increases of 5.5%K−1 of additional global warming respectively. This trend value is obtained by fitting a linear regression on the 
spatially averaged future anomalies over 30-year periods (slope a on Fig.  3a). Those periods are obtained by moving a 30-year 
window from 2021–2050 to 2071–2090. This leads to point clouds of 6 (30-year periods) 𝑥 4 (scenarios) 𝑥 6 (models) = 144 points. 
Second, the spread of the extremes becomes larger. This is clearly shown by the increase of the 𝜎 parameter, with a trends reaching 
11%K−1 (Fig.  3b).

This results in an average increase of 7%K−1 of additional global warming for various return levels, in line with the Clausius-
Clapeyron scaling (CC-scaling) (Fig.  4a), i.e., a 7% raise in atmospheric moisture for each K of warming (Trenberth et al., 2003). 
However, we find that, despite having an overall averaged increasing trend of 7 %K−1 irrespective of the return period, the 
correlation to global warming is greater for smaller return periods (Fig.  4a). Hence, we assume that this fluctuation stems from 
the internal variability of the ESMs. Indeed, due to the natural variability within the Earth system, the periods with the most 
extreme and rarest events might not be the warmest ones (Kendon et al., 2023; Jain et al., 2023) and thus not the latest ones. For 
some ESMs under a particular scenario, most extreme events (above 150 mm per day after bias-adjustment) occur before the 2050s 
while for others, they occur by the end of the century. This is why for higher return periods e.g., 20 years, more spread is found in 
the data cloud of extreme intensity anomaly as a function of additional global warming than for shorter return periods, with lower 
associated determination coefficient values. Hence, the timing of most extreme and rarest precipitation events remains stochastic.

To assess the trends at the local scale, we also compute a linear regression for each grid cell within Belgium (Fig.  4b). For higher 
return periods, some spatial variability appears with more pronounced trends for some areas of the country. Hence, the Southern 
flank of the Ardennian Massif as well as the northern parts of the countries show trends exceeding the Clausius-Clapeyron scaling, 
i.e., reaching up to 15%.K−1 . Those areas also show the largest frequency trends (Fig.  5b). The combination of higher atmospheric 
moisture and increased frequency may lead to trends exceeding 7%.K−1, also called Super Clausius-Clapeyron scaling. However, the 
mean value in Belgium remains close to 7%.K−1 for the studied return levels.

Besides, concerning the trends in frequencies, we find that, the rarer the event, the higher the change in frequency (Fig.  5a). 
When averaged over Belgium, we estimate that for each extra degree of global warming, the 20-year return level computed over the 
1981–2010 period becomes +0.6 times more frequent. This means that the 20-year return level becomes 1.6 times more frequent in 
a 1 degree warmer world, and 2.2 times more frequent in a 2-degree warmer world. Nevertheless, the spread of frequency anomalies 
increases with longer return periods, the result of the internal variability in the forcing ESMs (Fig.  5a). As for the intensities, this 
5 
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Fig. 4. (a) Intensity anomalies over 30-year moving windows relative to 1981–2010 for different return levels using the POT approach. A linear regression is 
applied to the data clouds (black dotted line of slope a and intercept b). (b) Same regression as in (a) but computed at each pixel location. The written values 
represent the map average ± the standard deviation. The results using the AM approach are very close and displayed in Supplementary Figure S4. The trends 
for each model are plotted on Supplementary Figure S6.

Fig. 5. (a) Frequency anomalies over 30-year moving windows relative to 1981–2010 for different return levels using the POT approach. A linear regression is 
applied to the data clouds (black dotted line of slope a and intercept b). (b) Same regression as in (a) but computed at each pixel location. The written values 
represent the map average ± the standard deviation.
6 
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Fig. 6. (a) 5-year return level computed over 2015–2100 under SSP1-2.6 and SSP5-8.5 scenarios. (b) 5-year return anomaly as compared to 1951–2021. Same 
for the 20-year return level in (c) and (d). Return levels are calculated as the mean return levels of the six models (Table  1). The written values represent the 
map average ± the standard deviation. Widths of the 95% confidence intervals are shown in Supplementary Figure S7.

value of +0.6 times per K appears to be larger for the same specific areas, where it can easily reach + 1 times per K for the 20-year 
return level. This means that, in a 1-degree warmer world, the 20-year return level becomes twice as likely relative to present day.

3.2. Return levels over the whole simulated period (2015–2100)

As mentioned above, because of the internal variability of the forcing ESMs, the timing of extreme events is challenging to predict. 
This is why, trends are less clear for higher return periods (Figs.  4 and 5). To eliminate the effect of the internal variability, we 
apply an EVA to the whole future projection (2015–2100). By proceeding this way, all the simulated extreme events are accounted 
for in the analysis and we can estimate the absolute return level values expected within the 21st century.

When we average the obtained return level maps for the six models, and the SSP1-2.6 and 5–8.5 scenarios using the POT approach 
(Fig.  6), the spatial distribution of modeled extremes is equivalent to the observed one over 1951–2021. We identify two main hot-
spots located on heights in the vicinity of Liège (see Fig.  1b for the location) and on the Southern flank of the Ardennian massif 
(Fig.  6).

Comparing the return level maps (Fig.  6) from recent observations with our future projections, the expected shift seen earlier 
in the anomaly analysis appears once again. On average the 20-year return level increases by 19 ± 6 and 26 ± 8% leading to 
return level values exceeding 100 mm per day even under a SSP1-2.6 on the precipitation hot-spot nearby the German border. 
This increase appears also for smaller return periods but is less pronounced, with relative increases of 17 ± 5 and 22 ± 6% for the 
two same scenarios. However, intensity increases are more pronounced on both Southern and Northern Flanks of The Ardennian 
Massif, i.e., where topographic gradients are higher. There, the increase in the 20-year return level exceeds 35% under SSP5-8.5. 
Low-elevated areas on the Sea-side experience similar increases.

Those more pronounced intensity shifts are linked to particularly high increases in frequency. Hence, for those areas which 
show the highest intensity increases, the new return period of the observational 20-year return level ranges from 4 to 7 years, even 
under low-emission scenarios. For the areas where the intensity increase is close to the Belgian mean, the new return period of the 
historical 20-year return level is of 12–15 and 8–12 years, respectively for SSP1-2.6 and SSP5-8.5 scenarios.

Fig.  6 shows maps of return levels averaged between the 6 models (Table  1). However, from one model to the other, differences 
can be large (Fig.  7). MAR-IPSL and MAR-EC3 display a scenario-linked logic. Hence, for those two models, the more pessimistic 
the emission scenario, the more extreme the return level map. Those two models also show the highest TCRs of all the ESMs forcing 
MAR. For the other models, the highest emission scenario does not systematically lead to the most extreme return level maps. 
MAR-MIR especially corroborates this statement by displaying the most extreme return level maps for the two ‘opposite’ scenarios 
SSP1-2.6 and SSP5-8.5 (Fig.  7), while the two intermediate scenarios display less extreme events. This implies that even under 
low-emission scenarios, intense extreme events will occur as well. Hence in MAR outputs, precipitation events exceeding 150 mm 
per day are found in all scenarios.

In terms of absolute values, MAR-EC3 yields the most intense return level-maps where the 20-year return level can reach 120 mm 
per day, while it only reaches 105 mm per day on the same hot-spots in MAR-NS2. However, even if MAR-NS2 return-level maps 
are less intense, the shift relative to observations from 1951 to 2021 remains clear, with values reaching 100 mm per day for the 
20-year return level on hot-spots for all the models.
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Fig. 7. Boxplots associated to the return level maps of Belgium for a return period of 20 years using all the models (Table  1) over 2015–2100. The POT approach 
is used for the computation of the return levels. The gray box refers to the return level map computed using observational data over 1951-2021 (Journée et al., 
2023). Visual marks (horizontal black lines) have been added so each box can be compared to the observational box.

4. Discussion

4.1. Impact of the methodological choices over the EVA

Concerning the EVA, several methodological choices which might impact computed return levels are done. Hereafter, we first 
discuss the impact of the POT approach. Second, we look into the stationary assumption when dealing with the whole simulated 
period (2015–2100). Third, we discuss the bias-adjustment strategy.

4.1.1. POT approach
In this study, we also tried another common approach based on the daily precipitation annual maxima (AM), on which a 

Generalized Extreme Value (GEV) distribution can be fitted (Coles, 2001). This was achieved to estimate uncertainties in EVA. 
Concerning future anomalies in the intensity and frequency of extreme precipitation (Section 3.1.), the AM and POT approaches 
yield very close results (Figs.  4 and 5, and Supplementary Figure S4). This shows that our statistical methodology does not alter the 
effect of climate change on the intensity and frequency of extreme precipitation.

For the computation of return level absolute values over the whole simulated period (Section 3.2), AM and POT approaches show 
almost identical results (Fig.  8), highlighting the robustness of this study. However, in the POT approach, results would have been 
slightly different with lower threshold values (i.e., 𝑢< 99.5th quantile). The threshold selection had to meet two main objectives. 
First, the chosen threshold needed to allow the POT distributions to be tailed enough to prevent underestimating higher return level 
values. Second, it also needed to preserve the advantage of the POT approach over the AM approach for shorter return periods, 
i.e., > 2 selected events per year. Hence, for smaller return periods (2 to 5 years), the POT approach predicts more intense return 
level values. The latter approach is more reliable since it selects more events, hence providing more information about return level 
values associated with low return periods.

To meet these 2 conditions, several threshold values were tested based on the observational data covering 1950–2021. The 99.5 
th quantile appeared to fulfill those two conditions the best, with on average over Belgium, 2.6 POT selected per year. With a 
lower threshold value, the risk would have been to slightly underestimate the 20-year return level intensity as compared to the AM 
approach which naturally leads to tailed distributions since it selects fewer events by definition (Supplementary Fig. S5).

4.1.2. Non-stationarity of the EVA
In Section 3.1, we identified trends in extreme precipitation intensity anomalies estimated using future 30-year periods. The 

stationary assumption usually does not hold in the presence of such trends, i.e., probability of extreme events occurrence varies in 
time. Here, we use a stationary approach to estimate return level values over 2015–2100 for two main reasons.

First, extreme precipitation intensity anomalies exhibit a linear trend of 7% per K, consistent with the Clausius-Clapeyron 
relationship, but only when data from all models are combined (Fig.  4). It is widely recognized that a multi-model ensemble mean 
generally provides a better estimate than each individual ensemble member (Gleckler et al., 2008; Tebaldi et al., 2011; Reichler and 
Kim, 2008). Hence, because of the internal variability within each ESM, trends can totally disappear when each model is considered 
individually, especially for higher return periods (Fig. S6).

Second, non-stationary laws were also tested for completeness, but these led to overall similar results to those of the stationary 
approach (Fig.  8). To incorporate non-stationarity in the POT approach, first, we make the 𝜎 of the GPD vary with the GMST anomaly. 
Moreover, the evolution of 𝜆 with time (Eq.  (1)) can also be modeled by fitting a Poisson regression model to the distribution of 
the number of threshold exceedances per year (Grandry et al., 2020). By proceeding so, we model the potential non-stationarity in 
the number of times per year where the threshold value is exceeded. In the literature, such models are referred to as Poisson-GP 
models (Tramblay et al., 2013; Grandry et al., 2020). Non-stationarity can also be implemented using the AM approach by making 
the GEV parameters vary with the GMST anomaly. In our case, we tried a GEV model where 𝜇 and 𝜎 can vary linearly with the 
reached global warming level (Fig. S1).
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Fig. 8. Distributions of 20-year return levels using stationary and non-stationary approaches for both (a) POT and (b) AM approaches over 2015–2100. The 
probability of encountering extreme precipitation is time-evolving in the non-stationary approach while it is fixed in the stationary case. Return levels based 
on model outputs are computed as the mean of the six models (Table  1). The results of the log-ratio test, which checks whether the non-stationary approach 
performs better, are plotted on Supplementary Figure S8.

Non-stationary laws (GEV𝑛/Poisson-GP) were applied only if their performance was significantly better as compared to stationary 
models using the log-ratio test with a 95% confidence level (Coles, 2001).

Using non-stationary models, the difference between the 20-year return level maps under low-emission and high-emission 
scenario is negligible at GMST anomaly=0K, but becomes more pronounced for higher GMST anomaly values (Fig.  8). Interestingly, 
using observations and non-stationary approaches to extrapolate future return level values, return levels reach or even exceed the 
values obtained using bias-adjusted model data in some areas. This occurs when the GMST anomaly reaches 1K, specifically when 
using the AM approach.

However, we find that, overall, the stationary approach performs better than the non-stationary ones across most of Belgium, 
based on a log-ratio test (Fig S8), hence supporting our decision to base our analyses on stationary laws. We observe no significant 
geographical or scenario-linked patterns where and when non-stationary models perform better, and conclude that this is purely 
model dependent (Fig. S8). Slater et al. (2021) and Serinaldi and Kilsby (2015) have previously shown that estimating non-stationary 
models for precipitation comes with large uncertainties due to a small signal-to-noise ratio. Here, only one model successfully timed 
the most extreme precipitation events coincident with global warming, namely MAR-EC3, while for other models, predicting the 
timing of extreme events remains challenging.

For these reasons, fitting non-stationary laws to the data is challenging, and the stationary approach was therefore preferred in 
our analyses. Furthermore, the stationary approach allows us to compare future with historical return levels, since the latter were 
also estimated in a stationary fashion. In Section 3.2, we show average return-level maps under specific scenarios over the whole 
transient run. Hundhausen et al. (2024) recently suggested that proceeding this way is more appropriate due to the high internal 
variability within each forcing ESM. In our case, the shift in the 20-year return level values as compared to the observational ones 
is clear, irrespective of the model or scenario (Fig.  7). This result remains robust, particularly considering that the return periods 
analyzed are significantly shorter than the 85-year length of the future transient runs. However, given the variability between models, 
it cannot be excluded that return levels may exceed the values presented in average return level maps, especially for high-warming 
scenarios.

4.1.3. Bias-adjustment of extremes
To assess the potential impact of our bias-adjustment procedure on return level estimates, we computed the return levels using 

the POT approach over bias-adjusted MAR-ERA5 outputs (i.e, same bias-adjustment technique as presented in the paper). The 
return level maps are similar to the ones obtained using observational data over 1951–2021 (Fig.  9). Nevertheless, the interpolation 
procedure used to create the gridded observations smooths the precipitation fields, which means that associated return levels might 
be underestimated in some regions.

Another important result is that our bias-adjustment does not affect the impact of atmospheric warming on extremes precipitation. 
Hence, Figs.  3, 4 and 5 were also shown using non bias-adjusted MAR outputs, with no significant change (Supplementary Fig. S9).
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Fig. 9. 20-year return level computed using Observational data and bias-adjusted MAR-ERA5 data over 1951–2021. The POT approach is used here for the 
computation of the return levels. The written values represent the map average ± the standard deviation.

4.2. Implication of the results

In our results, we show that the average trend for extreme intensity in Belgium follows the Clausius-Clapeyron scaling of 7%.K−1
. This increase is linked to a clear shift towards higher values of the distributions modes (𝑢 of the GPD under the POT approach) 
and spreads (𝜎 parameter) (Fig.  3). In areas showing higher topographic gradients in the South, and on the sea-side, for higher 
return levels, the intensity and frequency trends appear to be up to twice larger than the average over Belgium (Figs.  4 and 5). This 
suggests that even at small spatial scales, the impact of global warming on both the intensity and frequency of extreme precipitation 
might vary significantly, although statistical noise may hamper strong conclusions at such scales. This result is in line with Ludwig 
et al. (2023) and Hundhausen et al. (2024) who found extreme precipitation intensity increases following the Clausius-Clapeyron 
scaling or even beyond it in Western Germany.

Hot-spots of extreme precipitation have been clearly identified in our analysis. Sensitive areas appear in the vicinity of the city 
of Liège (Vesdre watershed) on the highest parts of the country, which were highly impacted by the July 2021 event (Fig.  1) . 
There, 20-year return levels can reach 110 mm per day irrespective of the scenario. Additional hot-spots appear in the future (Fig. 
6). The southern flank of the Ardennian Massif experiences high return level values and this hot-spot especially stands out when 
it comes to lower return periods (e.g. 2 or 5 years). This indicates that the associated extreme precipitation distributions at these 
locations are spread but with lighter tails, i.e., with smaller 𝜉 parameter values than in the above mentioned hot-spot. Yet, some other 
extreme-prone areas appear also at lower elevations, notably around the city of Antwerpen (Fig.  1). There, extreme precipitation 
values are necessarily linked to other factors than topography given the flatness of the area. Compared to observational return levels 
computed over 1951–2021, intensity increases can reach up to 40% (Fig.  7), which is even higher than the projected change over 
North-Western Europe under high-emission scenarios (20%–35%) (Rajczak and Schär, 2017).

4.3. Limitations of the study

MAR underestimates extremes (Table  2, Fig.  2), especially for low-elevated Belgium where (Doutreloup et al., 2019) previously 
showed that MAR tends to underestimate convective precipitation, supporting the need for bias-adjustment. For bias-adjustment, we 
use a probabilistic approach based on distributions (Teutschbein and Seibert, 2012). However, in the coastal area north of the city 
of Ghent (Fig.  1), the underestimation of extreme quantiles in MAR (Fig.  2) is such that the estimated return levels here might not 
be realistic. Moreover, only one RCM is used, while Hosseinzadehtalaei et al. (2018) showed that the largest source of uncertainty 
lies in the RCMs themselves followed by the ESMs forcing at their limits.

Our analyses are conducted on daily basis because RCMs tend to underestimate hourly peaks of extreme precipitation (Pichelli 
et al., 2021; Ban et al., 2021). Extreme precipitation underestimation may possibly originate from the hydrostatic hypothesis in 
MAR, but Malardel (2014) showed that with an adequate parametrization of convection, RCMs perform well at spatial resolutions 
> 3 km. Moreover, MAR is run using a single nesting procedure over a small domain. Due to the small area of the domain and the 
relatively coarse resolution of the forcing ESMs (between 40 and 130 km), the underestimation of extreme precipitation might result 
from the fact that realistic convective cells do not develop (Brisson et al., 2016). However, Wyard et al. (2018), showed that the 
different resolutions of forcing fields do not have a major impact on RCMs outputs such as the simulated cloud cover in Belgium. 
Future sensitivity analyses should investigate the impact of spatial resolution on precipitation in Belgium.

Finally, the impact of climate change can largely vary depending on the future period and model selected (Figs.  4a and 7). 
Future work should assess the ability of the forcing ESMs to model extreme weather patterns over Western Europe. For instance, 
examining extreme weather types at a synoptic scale in CMIP6 ESMs outputs might be an option. Model differences may not only 
be explained by their different TCRs, but also by their ability to simulate the frequency of Cut-off lows and other variables as well. 
Using analogues, Thompson et al. (2024) suggested that the frequency and persistence of synoptic weather cut-off lows, similar 
to July 2021, show an increasing trend in Northern-Western Europe. Insua-Costa et al. (2022) showed that the July 2021 event 
itself was particularly intense due to the huge moisture content in the atmosphere caused by massive prior evapotranspiration from 
10 



J. Brajkovic et al. Journal of Hydrology: Regional Studies 59 (2025) 102399 
Western European forests. Using MAR outputs and ESM data, we could identify which weather patterns lead to the most intense 
precipitation events in Belgium. Building on this, we could test whether the ESMs used in this study predict coherent extreme 
weather frequencies.

5. Conclusion

In this study, we estimate projected trends in extreme precipitation frequency and intensity over Belgium. The Regional Climate 
Model MAR forced by six CMIP6 ESMs at 5 km resolution shows that the intensity of future extreme precipitation will, on average 
over the country, increase following the Clausius Clapeyron scaling of 7% per added degree of global warming. However, MAR 
projects larger trends for frequency anomalies over specific areas, suggesting that intensity increase may locally exceed the Clausius 
Clapeyron scaling, i.e, super Clausius Clapeyron scaling, notably in high topographic gradient areas and in low-elevated coastal 
areas.

When bias-adjusted, MAR outputs show return level values associated to a 20-year return period reaching 100 mm per day 
or more in extreme precipitation hot-spots throughout the 21st century. Projected intensity increases can reach up to 40% under 
high-emission scenarios.

Our study identifies Belgian areas that are at risk of experiencing more frequent extreme precipitation events, notably the 
Ardennian Massif and low-elevated coastal areas. We do not cover hydrological extremes, such as floods, for which impact studies 
might be conducted using bias-adjusted MAR outputs and hydrological models. Future work should identify climate drivers that 
enhance the strength and frequency of extreme events.
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