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Abstract.

The climate in Europe is warming faster than the global average, raising concerns about how climate change will affect

extreme fire events. In this study, we use ERA5-Land reanalysis data and an ensemble of 34 high-resolution regional climate

models (RCMs) from the EURO-CORDEX framework to compute the Canadian Forest Fire Weather Index (FWI) and in-

vestigate both recent and projected changes in atmospheric conditions favorable for wildfires across Europe. Historical trends5

(1950-2023) based on ERA5-Land data reveal statistically significant increases in the frequency and intensity of extreme fire

weather in regions such as the Iberian Peninsula, Central Europe, and parts of Eastern Europe. All RCM input fields were

bias-adjusted prior to FWI calculation using Quantile Delta Mapping, resulting in improved FWI representation relative to

raw simulations. Projections based on the bias-adjusted EURO-CORDEX ensemble indicate that future extreme fire weather

will become more frequent, more intense, and more widespread across Europe as global warming progresses. The strongest10

signals are projected for southern Europe, with a northward expansion of fire-prone conditions under higher global warming

levels (GWLs). At 3 °C GWL, the spatial extent of robust changes in extreme fire weather metrics nearly doubles compared to

2 °C, with one metric increasing almost fivefold. Relative increases in frequency generally exceed those in magnitude. These

changes coincide with rising vapor pressure deficit, suggesting that thermodynamic processes play a key role through atmo-

spheric drying. The projected intensification of extreme fire weather in Europe highlights the growing need for coordinated15

climate action along with proactive mitigation strategies.

1 Introduction

Wildfires have been part of Earth’s history since the emergence of terrestrial plants more than 400 million years ago (Bowman

et al., 2009; Scott and Glasspool, 2006). They are an essential component of the Earth system, shaping the evolution and

distribution of plant and animal life, as well as influencing key biogeochemical processes (Bowman et al., 2020; He et al.,20

2019). Fires burn approximately 4 million km2 area each year (Chuvieco et al., 2018) and have significant direct and indirect

impacts on both global and regional climate through the emission of greenhouse gases and aerosols. Global mean carbon

emissions from fires were estimated at 2.2 Pg of C year-1 during the period 1997-2016 (van der Werf et al., 2017), which
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corresponds to roughly 21.6% of global CO2 emissions from fossil fuels in 2024 (Bowman et al., 2020; Friedlingstein et al.,

2025).25

Satellite-derived data show a nearly 25% decrease in global burned area between 1998 and 2015 (Andela et al., 2017). This

decline is primarily concentrated in tropical savannas and grasslands and is largely attributed to agricultural expansion and

changes in land cover (Andela et al., 2017). However, despite this decrease in global burned area, global fire emissions have

remained relatively stable (Zheng et al., 2021), which is explained by an increase in forest fire emissions across North America

and Eurasia where fires release more CO2 per unit area burned (Jones et al., 2024; Zheng et al., 2021). Moreover, the frequency30

and magnitude of extreme wildfires more than doubled between 2003 and 2023 (Cunningham et al., 2024), and a significant

proportion of extreme fire events occurred under extreme fire weather conditions (Bowman et al., 2017).

Fire weather refers to atmospheric conditions that are conducive to triggering and propagating wildfires (Masson-Delmotte

et al., 2021). Numerous fire weather indices based on daily surface weather variables (e.g., temperature, precipitation, relative

humidity, and wind) have been developed and applied across different regions (Jolly et al., 2015; Jones et al., 2022). These35

indices reflect the effects of atmospheric conditions on fuel dryness and subsequent potential fire danger, and are strongly corre-

lated with the magnitude and extent of wildfires, particularly in ecosystems with intermediate moisture availability (Abatzoglou

et al., 2018; Bedia et al., 2015; Carvalho et al., 2008; Jolly et al., 2015; Jones et al., 2022). In recent decades, global increasing

trends have been observed both in the duration of the fire season and the frequency of these conditions (Jolly et al., 2015; Jones

et al., 2022). Under projected global warming, both the frequency and intensity of extreme fire weather are expected to further40

increase worldwide (Abatzoglou et al., 2019; Bowman et al., 2017; Jones et al., 2022; Masson-Delmotte et al., 2021).

Europe has warmed at twice the global average rate since the 1980s (Copernicus Climate Change Service (C3S) and ,

WMO). Moreover, approximately 70-90% of the continent’s land area is projected to shift into different climate zones by the

end of the century under high-emission scenario simulations, with a notable tendency toward warmer and drier conditions in

the southern and western regions (Bayar et al., 2023). Consistent with this tendency and the expected increase in compound45

hot and dry events (Masson-Delmotte et al., 2021), extreme fire weather is also projected to increase across much of Europe

(Abatzoglou et al., 2019; Jones et al., 2022), with particularly pronounced changes in the Mediterranean region (Fargeon et al.,

2020; Ruffault et al., 2020). In addition, growing concern surrounds the impacts of climate change on extreme fire weather in

central Europe, an area that is historically less prone to these events. (Carnicer et al., 2022; Miller et al., 2024; Mozny et al.,

2021)50

Recently, two pan-European scale studies projected widespread increases in extreme fire weather under the impacts of cli-

mate change (El Garroussi et al., 2024; Hetzer et al., 2024). Both studies relied on global climate model outputs from the

sixth phase of the Climate Model Intercomparison Project (CMIP6) (Eyring et al., 2016) and applied statistical downscaling

techniques to reach the target resolution (∼31 km in El Garroussi et al. (2024) and ∼9 km in Hetzer et al. (2024)). How-

ever, since statistically downscaled fields still inherit the climate change signal from driving global climate models (GCMs)55

and do not incorporate fine-grid scale physical processes, they may not fully capture important regional scale phenomena,

such as snow-albedo feedbacks in mountainous regions (Maraun et al., 2017), potentially leading to the breaking of physi-

cal consistence and biased results. To address this limitation, dynamically downscaled regional climate models (RCMs) offer
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an alternative approach as they refine the large-scale circulation response obtained from GCMs to finer scales by explicitly

simulating sub-GCM grid-scale processes (Giorgi, 2019). Many studies used RCMs from the Coordinated Regional Climate60

Downscaling Experiment - European Domain (EURO-CORDEX) (Jacob et al., 2014) to project fire weather danger across

Europe in a warming climate, but most of them relied on relatively smaller ensemble sizes (e.g., de Rigo et al., 2017; Galizia

et al., 2023) and were often limited to specific regions, such as Greece (Rovithakis et al., 2022), France (Fargeon et al., 2020;

Varela et al., 2019), or the Iberian Peninsula (Bento et al., 2023; Calheiros et al., 2021).

To address these research gaps, we use a relatively large ensemble from the EURO-CORDEX framework (Jacob et al., 2014),65

consisting of 34 GCM-RCM chains and assess extreme fire weather danger at a pan-European scale under global warming.

We focus on the projected changes at 2 °C and 3 °C global warming levels (GWLs) and rely on scenario simulations based

on the Representative Concentration Pathway (RCP) 8.5. Fire weather is quantified using the Canadian Forest Fire Weather

Index (FWI) System (Van Wagner, 1987), as it relies solely on daily meteorological input fields and has been shown to perform

well in Europe, especially in the Mediterranean (Carvalho et al., 2008; Jones et al., 2022; San-Miguel-Ayanz et al., 2012;70

Viegas et al., 1999). Prior to calculating projected fire weather danger, model input fields are bias adjusted using quantile delta

mapping (QDM) (Cannon et al., 2015), with ERA5-Land reanalysis data (Muñoz-Sabater et al., 2021) serving as reference.

We also investigate subcomponents in the FWI system and the vapor pressure deficit (VPD) to shed light on potential drivers

of changes in extreme fire weather. The objectives of this study are as follows:

– Examine the observed climatology of extreme fire weather across Europe and its associated trends since 1950.75

– Assess the added value of bias adjustment using QDM in terms of spatial patterns of bias in extreme FWI for the EURO-

CORDEX multi-model ensemble median.

– Quantify changes in the frequency and intensity of extreme fire weather at 2 °C and 3 °C GWLs, and identify the potential

drivers underlying these changes based on the bias-adjusted EURO-CORDEX multi-model ensemble.

The study is structured as follows: Section 2 gives an overview of data and methods, Section 3 describes the results in detail,80

including the observed trends, the added value of bias adjustment, and projections of extreme fire weather across Europe in a

warming climate. Section 4 summarizes the main results and provides a discussion.

2 Data and Methods

2.1 Data

2.1.1 ERA5-Land Reanalysis85

In this study, hourly atmospheric fields, including 2-meter temperature, precipitation, 10 meter u (zonal) and v (meridional)

components of wind speed and 2-meter dew point temperature were used from the European Centre for Medium-Range

Weather Forecasts (ECMWF) ERA5-Land reanalysis (Muñoz-Sabater et al., 2021). The main advantage of ERA5-Land is
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its enhanced horizontal grid resolution of 9 km, compared to 31 km for ERA5 (Muñoz-Sabater et al., 2021). The dataset covers

the period from 1950 to the present, with data up to 2023 used in this study. ERA5-Land reanalysis data were used for several90

purposes throughout the study, including: 1) the estimation of the most suitable input variable combination to calculate FWI at

daily resolution, 2) the calculation of historical climatology and observed trends, and 3) the adjustment of biases in atmospheric

fields derived from GCM-RCM chains.

2.1.2 EURO-CORDEX Simulations

We considered a set of 34 GCM-RCM chains from the EURO-CORDEX framework (Jacob et al., 2014) to quantify future95

changes in extreme fire weather in Europe. The variables used include daily maximum temperature, accumulated precipitation,

mean relative humidity, and maximum wind speed (for details on variable selection, see Sections 2.2.4 and 3.1). EURO-

CORDEX simulations are dynamically downscaled from GCMs participating in CMIP5 (Taylor et al., 2012) to provide high-

resolution regional climate simulations across Europe. All models share a common horizontal grid spacing of ∼12 km. Both

historical simulations (covering the period from 1950 or 1970, depending on the model, to 2005) and scenario simulations (cov-100

ering 2006 to 2100) were used. The scenario simulations follow the RCP8.5 scenario, which represents a high-end greenhouse

gas emission scenario with a radiative forcing of 8.5 W m-2 by the end of the century. A single model realization (r1i1p1) was

used for each model. All simulations were regridded to the ERA5-Land grid resolution of 9 km using first-order conservative

remapping (Jones, 1999). The list of models used in this study is provided in Table 1.

In order to better understand regional differences in extreme fire weather behavior across Europe, these metrics have also105

been spatially aggregated and averaged over the so-called PRUDENCE regions (Christensen and Christensen, 2007). In addi-

tion to the eight regions that were previously defined, Turkey was included as an additional subregion (Figure 1), as it has been

shown to be particularly sensitive to extreme climate events (Gumus et al., 2023). Note that the eastern boundary of Turkey is

not covered by the EURO-CORDEX domain and is therefore not included in this study.

2.2 Methods110

2.2.1 Global Warming Levels

We use GWLs to quantify changes in extreme fire weather as many drivers of global and regional climate impacts are closely

linked to GWLs (Masson-Delmotte et al., 2021). GCMs have different climate sensitivities and each follows its own trajectory

to reach a given GWL at a different time. Using the GWL approach enables the estimation of impacts independently of the

specific scenario or timing of when a given GWL is reached. This study focuses on +2 °C and +3 °C GWLs relative to the115

preindustrial reference period 1881-1910 following Moemken et al. (2022) and Hundhausen et al. (2024). The methodology is

based on the time sampling approach (James et al., 2017) as implemented by Vautard et al. (2014) and Teichmann et al. (2018)

for regional climate change signals in Europe.

First, the 30-year running average of the global mean temperature was calculated from the scenario simulations of the

GCMs. The observed global warming from 1881-1910 to 1971-2000 was already estimated as 0.46 °C (Vautard et al., 2014).120
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Table 1. List of the 34 GCM-RCM chains used in this study. All scenario simulations follow RCP8.5, so that all models reach the 3 °C GWL

during the 21st century. All models belong to the same ensemble member r1i1p1.

GCM RCM

CNRM-CERFACS-CNRM-CM5
(Voldoire et al., 2013)

CLMcom-ETH-COSMO-crCLIM-v1-1 (Sørland et al., 2021)

DMI-HIRHAM5 (Bøssing Christensen et al., 2007)

GERICS-REMO2015 (Jacob et al., 2012)

IPSL-WRF381P (Vautard et al., 2013)

KNMI-RACMO22E (Meijgaard et al., 2012)

SMHI-RCA4 (Kjellström et al., 2016)

ICHEC-EC-EARTH
(Hazeleger et al., 2012)

CLMcom-ETH-COSMO-crCLIM-v1-1

DMI-HIRHAM5

KNMI-RACMO22E

SMHI-RCA4

IPSL-IPSL-CM5A-MR
(Dufresne et al., 2013)

DMI-HIRHAM5

GERICS-REMO2015

IPSL-WRF381P

KNMI-RACMO22E

SMHI-RCA4

MOHC-HadGEM2-ES
(Collins et al., 2011)

CLMcom-ETH-COSMO-crCLIM-v1-1

DMI-HIRHAM5

IPSL-WRF381P

KNMI-RACMO22E

MOHC-HadREM3-GA7-05 (Tinker et al., 2015)

SMHI-RCA4

MPI-M-MPI-ESM-LR
(Giorgetta et al., 2013)

CLMcom-ETH-COSMO-crCLIM-v1-1

DMI-HIRHAM5

IPSL-WRF381P

KNMI-RACMO22E

MOHC-HadREM3-GA7-05

SMHI-RCA4

NCC-NorESM1-M
(Bentsen et al., 2013)

CLMcom-ETH-COSMO-crCLIM-v1-1

DMI-HIRHAM5

GERICS-REMO2015

IPSL-WRF381P

KNMI-RACMO22E

MOHC-HadREM3-GA7-05

SMHI-RCA4
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Figure 1. PRUDENCE regions investigated in this study, based on the definitions of Christensen and Christensen (2007) and shown with

surface altitude data from COSMO-CLM in the EURO-CORDEX domain (Sørland et al., 2021). BI = British Isles, SC = Scandinavia, FR =

France, ME = Mid-Europe, AL = Alps, EA = Eastern Europe, IP = Iberian Peninsula, MD = Mediterranean, TR = Turkey. Note that Turkey

is included here in addition to the previously defined regions.

The average global mean temperature of the GCMs during 1971-2000 was then used as historical reference, so that an increase

of 1.54 °C (2.54 °C) from that value corresponds to +2 °C (+3 °C) GWL relative to the preindustrial period. Next, 30-year

time periods were identified based on when the relevant GWLs are reached for the first time in the running average (as listed

in Table B1). Note that although the GWLs are defined relative to the preindustrial period, the change signals presented in

this study are expressed relative to the historical reference period (1971-2000, +0.46 °C). This is a deliberate choice, as RCM125

simulations from the EURO-CORDEX framework only begin after 1950.
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2.2.2 Bias Adjustment of EURO-CORDEX Model Outputs

GCMs are known to have systematic biases due to various factors, such as discretization and spatial averaging within grid cells

(Teutschbein and Seibert, 2012), inadequate representation of thermodynamic processes (Wehrli et al., 2018), or inaccuracies

in simulating atmospheric dynamics (Shepherd, 2014). Since the nested downscaled model is driven by imposed boundary130

conditions, RCMs also often inherit the biases of their driving GCMs, such as incorrect placement of storm tracks (Giorgi,

2019), and can also introduce their own biases. Therefore, it is common practice to adjust biases in climate model outputs,

particularly before using the results for impact modeling (Chen et al., 2021; Dosio and Paruolo, 2011; Hakala et al., 2018;

Muerth et al., 2013).

Here we applied the QDM method (Cannon et al., 2015) to adjust the biases in the input fields extracted from EURO-135

CORDEX simulations, which were then used to calculate the FWI. First, the non-exceedance probabilities of the simulations

were calculated over the projected time window:

τ(t) = F d
s,p [xs,p (t)] (1)

where xs,p(t) is the projected simulation value of the variable of interest at time step t, F d
s,p is the empirical cumulative

distribution function (CDF) of the time series being corrected (in this case, decades) and τ(t) is the non-exceedance probability140

associated with time step t and has a range between 0 and 1.

Next, the relative change signal between the projected and historical simulations was calculated:

∆(t) =
xs,p (t)

F−1
s,h [τ (t)]

(2)

where ∆(t) is the relative change signal at time step t and F−1
s,h is the inverse CDF of the simulation during the calibration

period.145

Finally, the calculated climate change signal was multiplied by the corresponding reference observation value (from ERA5-

Land) at the same quantile during the calibration period:

xba(t) = F−1
r,h [τ (t)]∆(t) (3)

where xba(t) is the bias adjusted variable at time step t and F−1
o,h is the inverse CDF of the reference data (ERA5-Land)

during the calibration period (1971-2000).150

Note that the described multiplicative approach was applied to precipitation, mean relative humidity, and maximum wind

speed. An additive version of the same method was used for maximum temperature. For further details on the bias adjustment

methodology, please see Appendix A.

7

https://doi.org/10.5194/egusphere-2025-6004
Preprint. Discussion started: 8 December 2025
c© Author(s) 2025. CC BY 4.0 License.



2.2.3 FWI Calculation

We employ the widely used Canadian Forest Fire Weather Index System (Van Wagner, 1987) to calculate the historical and155

projected distribution of extreme fire weather throughout Europe. It consists of six components. The first three components

are fuel moisture codes, namely, Fine Fuel Moisture Code (FFMC), Duff Moisture Code (DMC), and Drought Code (DC) and

they represent the dryness of fuels in different layers of the Canadian forest floor (Wotton, 2009). The final three components

of the FWI system represent fire behavior: Initial Spread Index (ISI) predicts the potential rate of fire spread based on wind

speed and surface fuel dryness, BUI represents the total amount of fuel available for burning and FWI, which results from160

the combination of the previous two, is a numeric rating of the potential fire intensity (Wotton, 2009). Figure 2 provides a

schematic overview of the calculation flow and the required atmospheric input fields.

Figure 2. Schematic representation of the Canadian Forest Fire Weather Index System, showing its input variables and six components,

based on Van Wagner (1987).

By definition, the FWI calculation requires temperature, relative humidity, and wind speed at local noon (12:00), as well

as accumulated precipitation from the previous day’s noon to the current day’s noon. All input data required for the FWI

calculation are directly available from the ERA5-Land reanalysis product, except for relative humidity. Therefore, relative165

humidity was calculated using the 2-meter temperature and 2-meter dewpoint temperature outputs from ERA5-Land, applying

the Magnus formula (Alduchov and Eskridge, 1996). FWI was then computed for the ERA5-Land reanalysis from 1950 to

2023 using these four atmospheric fields at noon as input.
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To account for dry conditions outside the fire season (fall and winter), the so-called overwintering approach was applied to

the Drought Code (DC) (McElhinny et al., 2020). The overwintering calculation requires a definition of the fire season, outside170

of which FWI is not calculated. The definition used here follows Wotton and Flannigan (1993), where the fire season begins

when the maximum temperature exceeds 12 °C for at least three consecutive days and ends when it drops below 5 °C for at

least three consecutive days (Quilcaille et al., 2023). The purpose of overwintering the DC is to capture dry fall and winter

conditions, which can lead to more severe fire weather conditions at the beginning of the fire season compared to the default

DC value (McElhinny et al., 2020).175

2.2.4 Concatenation of the Reanalysis Data and Sensitivity Analysis

In order to account for the variation in local noon times across Europe, three different time zones were used to extract atmo-

spheric fields at the corresponding local noon: UTC+1 for grids west of 0° longitude, UTC+2 for those between 0° and 20°E

longitudes and UTC+3 for grids east of 20°E longitude. These three regions were then concatenated into a single product to

represent the original FWI calculation.180

As many RCMs in the EURO-CORDEX framework do not provide sub-daily information, we searched for the best proxy

input combination at daily resolution to approximate the typical noon-time FWI calculation. With this aim, hourly ERA5-Land

data were first aggregated to daily resolution, including several combinations (a summary of the daily aggregated variable

combinations tested in this study is provided in Table C1). Then, the FWI estimates derived from these combinations were

compared with the original noon-time FWI calculation based on ERA5-Land. Specifically, the relative percentage bias in the185

95th percentile of FWI was calculated at grid scale to evaluate the performance of each proxy input combination:

Bias =
FWI95

comb−FWI95
original

FWI95
original

× 100 (4)

where FWI95
original is the FWI 95th percentile value obtained from the original calculation scheme (noon-time variables),

FWI95
comb is the FWI 95th percentile value obtained using the input combination being tested. The time period covered is 1950

to 2023.190

Finally, the combination resulting in the lowest absolute area-weighted average bias was selected (see Section 3.1). Since

some daily resolution atmospheric fields may not be available for some models (e.g., minimum relative humidity), obtaining a

sufficiently large model ensemble was also considered in the selection process.

2.2.5 FWI Metrics and Vapor Pressure Deficit

We used four annual FWI metrics to analyze the extreme fire weather behavior at each grid cell for the reference period (1971-195

2000, +0.46 °C) and at +2 °C and +3 °C GWLs, following the metrics used in Jolly et al. (2015), Abatzoglou et al. (2019) and

Quilcaille et al. (2023):
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1. Number of days exceeding the reference period (1971-2000) 95th percentile of FWI (FWI95d), representing days with

potentially high fire danger at the local scale

2. Number of days exceeding the mid-range value (FWImid, mean of 30-year averaged annual minimum and maximum200

FWI during 1971-2000) of FWI (FWIfwsl), as an indicator of the duration of the fire season

3. 30-year averaged annual maximum FWI (FWImax), as an indication of the magnitude of the local extreme fire danger

4. Annual peak 90-day average FWI (FWIfs), representing the average fire weather conditions during the peak fire season.

To shed light on the potential drivers of changes in extreme fire weather, we further investigate changes in the VPD. VPD is

defined as the difference between the saturation vapor pressure (es) and the actual vapor pressure (ea) and serves as an indicator205

of atmospheric aridity (Seager et al., 2015). It is an essential metric for understanding how atmospheric conditions influence

fuel dryness (He et al., 2025) and has been shown to be closely linked to wildfire activity, for example, in western U.S. forests

(Abatzoglou and Williams, 2016; Williams et al., 2019). VPD can be calculated using temperature and relative humidity:

V PD = es(Ta)(1−RH/100) (5)

where RH is the relative humidity and es(Ta) is the saturation vapor pressure as a function of the air temperature Ta,210

calculated using the Clausius-Clapeyron equation:

es(Ta) = es(T0) · exp
(

Lv

Rv

(
1
T0
− 1

Ta

))
(6)

where es(T0) = 6.112 hPa is the saturation vapor pressure at the reference temperature T0 = 273.15 K, Lv = 2.5×106 J kg-1

is the latent heat of vaporization for water and Rv = 461 J kg-1 K-1 is the specific gas constant for water vapor. Note that daily

maximum temperature and mean relative humidity were used here to estimate VPD, which leads to a possible overestimation215

(He et al., 2025). However, the focus of this study is not on absolute VPD values, but rather on deviations from the baseline,

which minimizes the implications of possible shortcomings.

2.2.6 Significance and Robustness

To calculate trends in the historical period, the non-parametric Theil-Sen slope estimator was used, as it is relatively insensitive

to outliers (Sen, 1968; Theil, 1950). The significance of these trends was tested using the non-parametric Mann-Kendall test220

(Kendall, 1955; Mann, 1945) at a significance level p < 0.05.

To assess the robustness of the future climate change signal in the FWI indices, a criterion based on model agreement in

both the significance and sign of the reported change was applied. Specifically, the climate change signal is considered robust

only when at least 66% of the models agree on both the sign and the statistical significance of the change (Jacob et al., 2014;

Pfeifer et al., 2015). The significance of the simulated change was evaluated using a paired t-test at a significance level of p <225

0.05.

10

https://doi.org/10.5194/egusphere-2025-6004
Preprint. Discussion started: 8 December 2025
c© Author(s) 2025. CC BY 4.0 License.



3 Results

3.1 Sensitivity to Different Input Data

The typical FWI calculation is performed using the relevant atmospheric fields at local noon-time (Van Wagner, 1987). Since

many RCMs do not provide subdaily scale information, daily fields need to be identified in such a way that they can replace230

the typical noon-time calculation with minimal bias. Figure 3 shows the distribution of the relative percentage bias in the 95th

percentile of FWI calculated using the four different input combinations (given in Table C1) relative to the typical noon-time

95th percentile of FWI (FWI95
original) across Europe based on ERA5-Land reanalysis (note that the straight lines at 0° and

20° longitudes result from to the concatenation operation described in Section 2.2.4). At the European scale, combinations

that include mean relative humidity generally underestimate extreme fire weather danger (Figures 3a and 3b), while those that235

include minimum relative humidity tend to overestimate it (Figures 3c and 3d).

Since maximum temperature and daily precipitation are common in all combinations, using mean values for both relative

humidity and wind leads to a substantial underestimation of FWI95
original with a mean absolute relative bias of 34.5% (Figure

3b). In contrast, using daily extremes, i.e., minimum relative humidity and maximum wind speed, considerably overestimates

FWI95
original, resulting in a mean absolute relative bias of 43.8% (Figure 3c). Thus, using the daily extreme for one variable and240

the mean for the other appears to offer a balanced compromise. The mean absolute biases for these combinations are similar:

21% for Comb-1 and 20.5% for Comb-4 (Figures 3a and 3d). Selecting Comb-4 would significantly reduce the number of

models in the EURO-CORDEX ensemble, as minimum relative humidity is not an available output for most simulations.

Therefore, Comb-1 is selected to calculate the FWI projections using the EURO-CORDEX ensemble, namely, daily maximum

temperature, daily accumulated precipitation, mean relative humidity, and daily maximum wind speed. The remainder of the245

analysis in this study uses these atmospheric fields, for both ERA5-Land reanalysis and EURO-CORDEX models to ensure

consistency.

3.2 Observed Climatology and Trends

To better understand the influence of ongoing climate change on fire danger in Europe, this section explores the climatology

and trends of two FWI metrics, namely FWImid and FWI95d, for the period 1950–2023 based on ERA5-Land data. We begin250

with FWImid, first presenting its climatology (Figure 4a) followed by the corresponding trends (Figure 4c). The FWImid

displays a latitudinal gradient, with the highest values found around the Mediterranean Basin due to hot and dry summers,

while the lower values are found in northern Europe. The Iberian Peninsula and Turkey are mainly associated with FWImid

values in the range of moderate and high levels of fire risk according to the scale developed by San-Miguel-Ayanz et al. (2012).

FWImid shows a positive trend (statically significant) in the central Iberian Peninsula, France and Germany, with statistically255

significant trends observed in 29% of the study domain (Figure 4c). Most of Europe shows an increase in the intensity of fire

weather conditions, but in eastern Europe and Scandinavia the trends are generally not statistically significant.

FWI95 climatology (Figure 4b) displays the highest values in the Mediterranean Basin, with a latitudinal gradient across

Europe except for lower values in mountainous regions. FWI95 values above 38 indicate very high fire danger (San-Miguel-
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Figure 3. Relative percentage bias of the 95th percentile of FWI calculated using the four input variable combinations a) Comb-1, b) Comb-

2, c) Comb-3, and d) Com-4, compared to the original noon-time FWI calculation based on ERA5-Land reanalysis data. Daily maximum

temperature and daily precipitation are common to all combinations. The time period analyzed is 1950-2023. Note that the artifacts near 0°

and 20° longitudes result from the concatenation operation described in Section 2.2.4. Details of the variables used in all combinations are

given in Table C1.

Ayanz et al., 2012), but this relationship varies regionally: higher values (∼50) usually signal extreme danger in warm and260

dry climates, while lower values (∼25) may indicate similar danger in cooler and moister climates (Kudláčková et al., 2024).

Therefore, FWImid and FWI95 should be interpreted with caution, taking into account the local climate and biome.

Regarding possible trends in the FWI95d (Figure 4d), nearly 37% of all grid cells exhibit a significant trend, almost all of

which indicate an increase. Notable positive trends were observed in the Iberian Peninsula, France, Germany and Ukraine, with

trends exceeding 0.3 days year-1, corresponding to more than 20 additional days of extreme fire weather over the 74-year study265
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period. Some areas of the Iberian Peninsula show trends above 0.5 days year-1, amounting to nearly 40 extra days. In contrast,

a small region in the eastern Mediterranean shows a statistically significant negative trend, and some parts of Scandinavia show

negative but non-significant changes. Other fire-prone regions, including Italy, the Balkans, and the eastern Mediterranean,

show mixed and generally non-significant trends, reflecting large interannual variability in extreme fire weather conditions.

Figure 4. a) Observed climatology of the mid-range FWI (FWImid) and b) the 95th percentile FWI (FWI95) during the analysis period of

1950-2023 based on ERA5-Land reanalysis data. c) Observed trends (unitless year-1) in FWImid and d) in the number of days per year when

FWI exceeds the 95th percentile (FWI95d) relative to the reference period 1971-2000 (days year-2) based on ERA5-Land reanalysis data.

Trends are calculated using the Theil-Sen slope estimator. Areas with stippling indicate regions where the trend is not statistically significant

(p < 0.05), according to the Mann-Kendall test. The analysis covers the period 1950-2023. Note that a single colorbar is used for both trend

panels, although the units differ.
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3.3 Evaluation of Model Performance after Bias Adjustment270

GCMs are known to exhibit systematic biases for various reasons, and RCMS often inherit these biases because they use GCMs

as boundary conditions for downscaling and may also introduce their own biases (Giorgi, 2019). Figure 5 evaluates the bias

in the 95th percentile of the FWI for the EURO-CORDEX ensemble median before and after bias adjustment, relative to the

ERA5-Land reanalysis. Note that the time period for the evaluation here is the same as the calibration period for bias adjustment

(1971-2000). Although the performance of bias adjustment methods is typically evaluated using a separate validation period275

(e.g., Cannon et al., 2015), we focus on evaluating model performance during the calibration period as the historical simulations

are not long enough to allocate a separate validation period for most of the EURO-CORDEX models, considering that 30 years

of data have already been used for calibration. In addition, it is important to note that a cross-validation strategy may not always

provide reliable results when evaluating the bias adjustment performance, as the internal variability of the climate system can

dominate the differences between calibration and validation periods, potentially leading to misleading evaluations, particularly280

in mid-latitudes (Maraun and Widmann, 2018).

Adjusting the biases of the individual model input fields prior to the calculation of the FWI results in a significant reduction

in the bias of the FWI ensemble median (Figure 5). The spatial mean of the absolute relative percentage bias is 78.2% before

adjustment (Figure 5a), with particularly large biases found south of the 50° latitude and in Norway. After bias adjustment,

this spatial mean bias of the ensemble median is reduced to 8.6% (Figure 5b), with significant improvements observed in285

regions where the raw ensemble median previously exhibited large biases. However, some small areas still exhibit high biases,

especially mountainous regions, such as parts of the Alps, Carpathians, and Caucasus Mountains (note that the FWI values

over the mountainous regions are already very low, so even large percentage biases are also usually low in terms of absolute

values). For the purposes of this study, the substantial improvement in model performance by adjusting the input fields with

the univariate QDM approach is considered sufficient; hence, the bias-adjusted ensemble is used for the rest of the study.290

3.4 Projections of Extreme Fire Weather in Europe

As significant trends in extreme fire weather have been observed in many regions of Europe, and since all regions are projected

to experience warmer summer climates, with a particular tendency towards increased drying in the southern and western

regions (Bayar et al., 2023), it is reasonable to expect further changes in a warming climate. Figure 6 shows the patterns of

the frequency-based FWI metrics (left panels for FWIfwsl and right panels for FWI95d) over Europe during the reference295

period (1971-2000) and the changes relative to the reference period at 2 °C and 3 °C GWL based on the ensemble median

of 34 bias-adjusted EURO-CORDEX models. The climatological patterns of FWIfwsl (Figure 6a) show longer fire seasons

in southern Europe, particularly in the Iberian Peninsula, southern Italy, Greece and Turkey, with more than 60 days year-1.

In contrast, central and northern Europe experience shorter fire seasons. Since these values may seem lower than expected,

it is important to distinguish between different methods for calculating the duration of the fire season. Wotton and Flannigan300

(1993) define the fire season based on a temperature threshold, and it is used for overwintering the DC (McElhinny et al., 2020;

Quilcaille et al., 2023). However, this definition may lead to an overestimation of fire season length, especially in southern
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Figure 5. Relative percentage bias (%) in the 95th percentile of FWI for EURO-CORDEX ensemble median relative to ERA5-Land data

during 1971-2000, based on a) raw and b) bias-adjusted simulations.

Europe due to warmer temperatures throughout the year. In contrast, Jolly et al. (2015) define FWIfwsl as the number of days

when FWI exceeds its mid-range value. Here, the definition of Jolly et al. (2015) is followed for FWIfwsl, as in some other

studies (Abatzoglou et al., 2019; Jones et al., 2022). However, this approach possibly underestimated the actual FWIfwsl in305

some regions, because overwintering the DC reduces the number of days with an available FWI value throughout the year due

to the condition of Wotton and Flannigan (1993).

The projected changes in FWIfwsl at 2 °C and 3 °C GWLs relative to the reference period are shown in Figures 6c and

6e, respectively. At 2 °C, robust increases in FWIfwsl are already evident in some regions, with a magnitude of up to 100%

in areas like parts of the Balkans, but the larger changes are mostly limited to regions with smaller climatological values.310

The increase in FWIfwsl becomes more widespread and intense at 3 °C, particularly in France and Balkans, with a relative

increase exceeding 150%. Almost all regions show positive changes in FWIfwsl at both GWLs (except for a small area in

northern Poland at 2 °C). The projected mean relative change in FWIfwsl for the grids where the models agree on both the

sign and significance of the change almost doubles between the two GWLs: 49% at 2 °C and 90% at 3 °C. The signal is largely

confined to regions south of 50° latitude, with a robust signal simulated in 27% and 49% of the land area, at 2 °C and 3 °C,315

respectively.

The right column of Figure 6 shows the number of days per year that exceed the 95th percentile FWI (FWI95d) during the

reference period (Figure 6b), along with the relative changes compared to the reference period at 2 °C (Figure 6d) and 3 °C

(Figure 6f) GWLs. Here, it is important to note that the spatial distribution of FWI95d during the reference period would be

nearly uniform with around 18 days year-1 across the domain if FWI was calculated continuously, since the 95th percentile is320

calculated locally for each grid. However, this is not the case here, as overwintering of the DC interrupts the continuous FWI

calculation. Therefore, the latitudinal differences in FWI95d are a natural consequence of this calculation. More days exceed
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Figure 6. Patterns of frequency-based extreme fire weather metrics and their projected changes in Europe based on the ensemble median of

34 bias-adjusted EURO-CORDEX models. The left panels show the fire weather season length (FWIfwsl) and the right panels show the

number of days per year exceeding the 95th percentile FWI (FWI95d) relative to the reference period (1971-2000). a, b) Reference period

patterns with a separate colorbar shown below, c, d) changes relative to the reference period at +2 °C GWL and e, f) changes relative to

the reference period at +3 °C GWL. Note that the reference period is already 0.46 °C warmer than the preindustrial period. Areas without

stippling indicate regions where at least 66% of the models project statistically significant changes according to a t-test (p < 0.05) and agree

on the sign of change.
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the local 95th percentile at lower latitudes, primarily because the fire season is longer as defined by (Wotton and Flannigan,

1993). In the Iberian Peninsula and some regions in southern Europe, there are about 18 days year-1 of FWI95d, indicating

that the fire season defined by the temperature threshold endures almost all year.325

The projected changes in FWI95d relative to the reference period at 2 °C and 3 °C GWLs are shown in Figures 6d and 6f. At

2 °C, the changes are mainly confined to southern Europe, with only 25% of the total land area in the domain exhibiting robust

signals (Figure 6d). In contrast, at 3 °C, significant and robust signals are projected to extend into central Europe, covering

47% of the total land area (Figure 6f). In addition, the strength of the signal becomes much more pronounced at 3 °C, with

relative increases exceeding 150% in many regions, such as the Iberian Peninsula, southern France, the Balkans, and Turkey.330

Even regions with historically low frequencies of extreme fire weather, such as northern Europe, show increases of up to 50%.

However, these increases are not statistically significant or model agreement is not established. In areas where the change

signal is robust, the mean relative increase in FWImax is 91% and 147%, respectively, at 2 °C and 3 °C GWLs. Overall, a

general increase in the frequency of fire weather conditions is projected across Europe, with the magnitude and spatial extent

of the changes becoming much more pronounced at 3 °C compared to 2 °C. However, robust changes are still mainly limited335

to areas south of 50° latitude even at 3 °C.

In addition to projections of the frequency of extreme fire weather, it is also important to quantify the projected changes

in the magnitude of extreme fire weather. Figure 7 shows the patterns of the magnitude-based FWI metrics (left panels for

FWIfs and right panels for FWImax) over Europe during the reference period (1971-2000) and the changes relative to the

reference period at 2 °C and 3 °C GWLs based on the ensemble median of 34 bias-adjusted EURO-CORDEX models. Similar340

to frequency metrics, a latitudinal gradient is apparent for FWIfs, with higher values concentrated mainly in southern Europe

due to hot and dry summer conditions (Figure 7a). In regions such as the Iberian Peninsula, southern Italy, Greece, and Turkey

FWIfs values exceed 30, approaching the very high fire danger threshold of 38, as accepted by San-Miguel-Ayanz et al.

(2012).

The projections show a minor relative increase in FWIfs at 2 °C GWL across Europe, with the exception of regions such345

as Poland and northern Scandinavia (Figure 7c). However, many areas still lack robustness, with only 24% of the land area is

projected to show robust signals. At +3 °C, FWIfs is projected to become more widespread and intense, following the same

pattern seen in frequency-based metrics (Figure 7e). It is projected to increase by more than 50% (with robust signals) not only

in southern and eastern Europe, but also in regions that historically exhibited lower fire danger, such as eastern France. The

percentage of land area with model agreement also increases to 43% at 3 °C. The spatially averaged relative increase in FWIfs350

for regions with model agreement on robustness of the change signal is also projected to increase as the GWL increases: 23%

at 2 °C and 44% at 3 °C.

The climatological distribution of FWImax displays higher values exceeding 40 in southern Europe and lower values,

usually below 20 in central to northern Europe (Figure 7b). Mountainous regions, such as the Alps and Carpathians, exhibit

very low FWImax values, reflecting their colder and moister climates compared to the surrounding areas. In southern Europe,355

regions like the Iberian Peninsula and Turkey have FWImax values greater than 50, indicating that these areas experience

extreme fire weather conditions annually.
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The projected changes in FWImax at 2 and 3 °C GWLs relative to the reference period are shown in Figures 7d and 7f,

respectively. At 2 °C, the simulated positive changes are relatively small (around 10-20%). Central and northern Europe show

spatial variability, including negative changes in some regions (e.g., Poland), although these are not robust signals (Figure 7d).360

Only 8% of the land area shows model agreement on the direction and significance of the change at 2 °C, and these areas are

mostly limited to regions with very low climatological FWImax values. In contrast, at 3 °C, the percentage of land area where

the majority of models project robust climate change signals increases sharply to 39% (Figure 7f). However, areas with higher

relative changes are still primarily the regions with low climatological values (e.g., mountainous regions), with the exception

of some parts of Southern Europe, such as Italy and the Balkans, where projected increases range from 20% to 40%. Overall,365

in regions where change signal is robust, the simulated mean increase in FWImax is 25% and 32% relative to the reference

period, respectively, at 2 and 3 °C.

3.5 Sub-European Regions

In this section section, we show the same fire weather metrics analyzed throughout the study (FWI95d, FWIfwsl, FWImax,

FWIfs), but aggregate and average them over the PRUDENCE regions to highlight differences between the European sub-370

regions and show the spread across the model ensemble. The results are displayed as boxplots for each PRUDENCE region

during the reference period (1971-2000), at 2 °C and 3 °C GWLs (Figure 8). The regions are ordered in a way that roughly

corresponds to the latitude-longitude orientation (North-West to South-East) of the regions.

FWI95d shows a quasi-uniform distribution across models in all PRUDENCE regions for the reference period, due to the

definition of the metric and the bias adjustment of temperature, which effectively determines the start and end of the fire375

season based on the temperature-threshold used for overwintering DC (Figure 8a). Under both warming scenarios, the median

FWI95d is projected to increase across all regions with a stronger signal at 3 °C. In the Iberian Peninsula, for example,

FWI95d is projected to increase rapidly from a median of 16.8 days year-1 during 1971-2000 to 31 days year-1 at 2 °C and

to 44.7 days year-1 at 3 °C (Figure 8a). A similar trend is projected for France, with the median increasing from 14.5 days

year-1 during 1971-2000 to almost 23 days year-1 at 2 °C and to 34.5 days year-1 at 3 °C. In some regions, such as Eastern380

Europe, the model spread is large, with some models projecting a negative change, and some projecting a very extreme positive

change. The model agreement is stronger in southern European regions (IP, MD, TR), where all models project a positive trend

under both 2 °C and 3 °C GWLs. In addition, the spread among models increases from 2 °C to 3 °C in all regions, indicating a

growing uncertainty with higher levels of warming.

There is a clear regional separation in both the reference period and projected values of FWIfwsl, with southern European385

regions (IP, MD, TR) showing higher levels of fire danger than the rest of Europe (Figure 8b). However, a positive change

signal is evident across almost all regions, especially at 3 °C GWL. In the Alps, a region historically characterized by shorter

fire seasons, the median FWIfwsl is projected to more than double: 14.3 days year-1 during 1971-2000, to over 21 days year-1

at 2 °C, and more than 31 days year-1 at 3 °C. The Iberian Peninsula is projected to experience the highest absolute increase in

multi-model median FWIfwsl, rising from 43 days year-1 during 1971-2000 to a projected 63 days year-1 at 2 °C and almost390

78 days year-1 at 3 °C.
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Figure 7. Patterns of magnitude-based extreme fire weather metrics and their projected changes in Europe based on the ensemble median of

34 bias-adjusted EURO-CORDEX models. The left panels show the annual peak 90-day average FWI (FWIfs) and the right panels show

the annual maximum FWI (FWImax). a, b) Reference period (1971-2000) patterns with a separate colorbar shown below, c, d) changes

relative to the reference period at +2 °C GWL and e, f) changes relative to the reference period at +3 °C GWL. Note that the reference period

is already 0.46 °C warmer than the preindustrial period. Areas without stippling indicate regions where at least 66% of the models project

statistically significant changes according to a t-test (p < 0.05) and agree on the sign of change.

A clear latitudinal gradient is observed in the magnitude of FWImax during the reference period and at both 2 °C and 3

°C GWLs with southern European regions exhibiting higher fire danger due to their warm and dry summer climates (Figure

8c). The main exception to this latitudinal pattern is the Alps, which exhibits lower values due to its colder and moister
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Figure 8. Model spread of FWI metrics, spatially aggregated and averaged over the PRUDENCE regions, for the reference period (blue), +2

°C GWL (orange), and +3 °C GWL (red) based on the bias-adjusted EURO-CORDEX ensemble for a) FWI95d, b) FWIfwsl, c) FWImax,

d) FWIfs. Whiskers in the boxplots represent 1.5 times the inter-quartile range of the ensemble, with circles denoting outliers. BI = British

Isles, SC = Scandinavia, FR = France, ME = Mid-Europe, AL = Alps, EA = Eastern Europe, IP = Iberian Peninsula, MD = Mediterranean,

TR = Turkey.

climate conditions. Overall, the median FWImax is projected to increase consistently across all regions as the GWL increases.395

However, the projected relative changes in FWImax (Figure 8c), a magnitude-based metric, are not as pronounced as those

seen in frequency-based metrics (Figures 8a and 8b). The Mediterranean, Iberian Peninsula, and Turkey clearly stand out from

other regions. For instance, Turkey shows a simulated median FWImax of 49 during 1971-2000, which is projected to increase

to 54 at 2 °C and to 58 at 3 °C.

The FWIfs (Figure 8d) is also projected to follow a similar pattern to FWImax. However, the distribution ranges for400

FWIfs are narrower than those for FWImax, particularly in northern and central European regions due to the running mean.

The intensity of prolonged fire weather, as represented by FWIfs, is projected to increase in all regions. For example, the
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median FWIfs in the Mediterranean is projected to increase from 15 during 1971-2000 to 18 and 21 at 2 °C and to 3 °C

GWKs, respectively.

In summary, all four fire weather metrics are projected to increase in all regions with increasing temperature, and more405

pronounced changes are expected at 3 °C GWL compared to 2 °C. In general, southern European regions (IP, MED, TR) are

projected to experience more intense and prolonged extreme fire weather conditions, consistent with their baseline climatolo-

gies of dry and warm summers. Overall, the relative change signals are stronger for the frequency-based metrics (FWI95d

and FWIfwsl) than for the magnitude-based metrics (FWImax and FWIfs). A clear latitudinal gradient is also observed,

with southern European regions projected to experience more severe and frequent fire weather conditions. Furthermore, the410

ensemble spread increases from 2 °C to 3 °C GWL, particularly for the frequency-based metrics, indicating greater uncertainty

at higher warming levels.

3.6 Evaluation of Potential Drivers

Given the projected changes in extreme fire weather conditions across Europe, it is important to explain possible drivers. To

provide insights into this question, we examine the two main subcomponents of FWI: BUI, which represents the effects of415

longer-term atmospheric conditions on fuel dryness, and ISI, which reflects the influence of short-term atmospheric conditions,

namely the role of wind patterns and FFMC (Ramos et al., 2023). Figure 9 illustrates FWI as a function of ISI and BUI across

PRUDENCE regions, based on spatially aggregated fields from the bias-adjusted EURO-CORDEX models. The ISI–BUI pairs

correspond to the averaged values for the days when FWI exceeds its 99th percentile during the reference period (1971–2000),

as well as at 2 °C and 3 °C GWLs for each model in the ensemble.420

As global warming increases, there is a projected shift in BUI towards higher values in all regions (Figure 9). However, the

signals in BI and SC are mixed, with a slight tendency towards higher fire danger (Figures 9a and 9b). In FR, ME, AL and EA

regions, there is a notable shift in BUI, along with a slight increase in ISI, both of which contribute to the resulting increase

FWI (Figures 9c-9f). In particular in France, the median BUI is projected to increase by almost 50% at 3 °C GWL relative to

the reference period, while ISI is projected to increase only by around 25%, which is an indication of the worsening of longer-425

term fuel drying. The increase in BUI is also apparent in the southern European regions (Figures 9g-9i). However, this does not

directly translate into a significant increase in FWI in these regions because the contribution of BUI to FWI saturates at higher

BUI values, consistent with the principle that there is a limit to the amount of fuel that can be used in fires (Van Wagner, 1987).

Instead, in these regions, the projected increase in FWI is driven by a projected increase in ISI values, which may result from

an increased surface layer dryness (reflected by FFMC) or stronger winds.430

To disentangle the contributions of wind speed and dryness conditions, Figure 10 shows VPD plotted against maximum

wind speed across PRUDENCE regions. The VPD-wind speed pairs correspond to the averaged values for the days when

FWI exceeds its 99th percentile during the reference period (1971–2000), as well as at 2 °C and 3 °C GWLs for each model

in the EURO-CORDEX ensemble. The median of maximum wind speeds are projected to either decrease or remain largely

unchanged across all PRUDENCE regions, except in southern Europe, where a very slight increase (less than 2%) is projected,435

but likely not significant. In contrast, the median VPD, which reflects the thermodynamic effects of temperature and relative
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Figure 9. FWI as a function of ISI and BUI, with theoretical FWI contours overlaid for the PRUDENCE regions. ISI and BUI averages are

shown for days when the FWI exceeds its 99th percentile. Blue squares denote the reference period (1971-2000), green triangles correspond

to 2 °C GWL, and red circles represent 3 °C GWL. All values are spatially aggregated and area-weighted averaged over the PRUDENCE

regions, namely: a) British Isles, b) Scandinavia, c) France, d) Mid-Europe, e) Alps, f) Eastern Europe, g) Iberian Peninsula, h) Mediter-

ranean, and i) Turkey. Each value corresponds to a bias adjusted EURO-CORDEX model; crosses indicate ensemble medians.

humidity through atmospheric drying, is projected to increase across all regions, with particularly strong increases in central

and southern Europe. In southern European regions, the projected increase in the median VPD on days when FWI exceeds

its 99th percentile at 3 °C GWL relative to the reference period is almost 40%, with some models projecting changes larger

than 70% (Figures 10g-10i). This suggests that the projected changes in FWI are primarily driven by increased fuel aridity due440

to thermodynamic drivers rather than dynamical drivers through the changes in wind speeds. This may also indicate that the

projected changes in ISI in southern Europe (Figure 9) are largely influenced by increased surface layer fuel dryness (FFMC),

rather than wind speed.
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Figure 10. VPD (hPa) vs. maximum wind speed (km/h) for the PRUDENCE regions. VPD and maximum wind speed averages are shown

for days when the FWI exceeds its 99th percentile. Blue squares denote the reference period (1971-2000), green triangles correspond to 2 °C

GWL, and red circles represent 3 °C GWL. All values are spatially aggregated and area-weighted averaged over the PRUDENCE regions,

namely a) British Isles, b) Scandinavia, c) France, d) Mid-Europe, e) Alps, f) Eastern Europe, g) Iberian Peninsula, h) Mediterranean, and

i) Turkey. Each value corresponds to a bias adjusted EURO-CORDEX model; crosses indicate ensemble medians. Note that the VPD values

are likely overestimated, as they are calculated using maximum temperature and relative humidity.
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4 Summary and Discussion

This study assesses how extreme fire weather in Europe is influenced by recent and future climate change. With this aim,445

it also evaluates the performance of EURO-CORDEX simulations in representing the extreme fire weather and the potential

improvements offered by bias adjustment with QDM. The main results are as follows:

1. The most suitable combination of daily input variables to approximate typical noon-time FWI includes maximum tem-

perature, accumulated precipitation, mean relative humidity, and maximum wind speed. These atmospheric fields were

selected on the basis of their relatively lower bias in the resulting FWI calculations and broader model availability in the450

EURO-CORDEX ensemble.

2. An analysis of the historical period (1950–2023) based on ERA5-Land reanalysis data revealed a clear latitudinal gradi-

ent in extreme fire weather, with more severe conditions occurring in southern Europe. A positive trend in the frequency

and magnitude of extreme fire weather has been observed since the 1950s across many regions, such that 29% and 37%

of the land area exhibited a significant trend in FWImid and FWI95d, respectively. The majority of the significant455

trends for both metrics were concentrated in the Iberian Peninsula, Central Europe, and Ukraine, with positive trends

nearly everywhere.

3. As the raw model outputs from the EURO-CORDEX framework have systematic biases (Vautard et al., 2021), the input

fields were bias adjusted before calculating the FWI. The bias adjustment of the input fields with QDM significantly

reduced the resulting FWI bias during the calibration period. Bias relative to the ERA5-Land for the 95th percentile of460

FWI in the EURO-CORDEX ensemble median is reduced from 78% to below 9%.

4. EURO-CORDEX future projections show that extreme fire weather in Europe is projected to become more widespread,

more frequent, and more intense with increasing GWL, consistent with previous assessments (Abatzoglou et al., 2019;

El Garroussi et al., 2024; Hetzer et al., 2024; Jones et al., 2022). Relative increases in frequency-based extreme fire

weather metrics are larger than those for magnitude-based metrics. The spatial extent of robust signals is projected to465

nearly double at 3 °C GWL compared to 2 °C for three of the four metrics. For FWImax, the spatial extent at 3 °C is

almost five times that of at 2 °C.

5. A latitudinal gradient is also evident in the projected fire weather danger, where southern European regions (the Iberian

Peninsula, the Mediterranean and Turkey) are expected to experience longer and more intense fire weather conditions.

The frequency and magnitude of extreme fire weather are also projected to increase in regions such as France, the Alps,470

Eastern Europe, and Mid-Europe, particularly at 3 °C GWL.

6. The subcomponents of the FWI system, namely the BUI and the ISI are projected to increase in most regions, although

with a relatively smaller increase for ISI. In regions such as France and Eastern Europe, contribution to the increase in

FWI is shared between BUI and ISI. However, since the influence of BUI on FWI saturates beyond a certain threshold
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(Van Wagner, 1987) and southern European regions already exhibit very high BUI values, changes in ISI emerge as the475

dominant driver of the increase in FWI in these regions.

7. The relevance of projected changes in wind speed are marginal, whereas the VPD is projected to increase across all

regions. This indicates that thermodynamic factors are the primary contributors to the projected changes in extreme fire

weather in Europe. This finding aligns with a growing body of evidence indicating that increased fuel dryness is the key

driver behind both observed and projected increases in fire weather in many regions worldwide (Clarke et al., 2022; Ellis480

et al., 2022; Jain et al., 2022; Resco de Dios et al., 2021; Williams et al., 2019).

The evaluation period used for the bias adjustment performance assessment was the same period used for the calibration

(1971-2000), as it was important to utilize a longer period to reduce sampling uncertainty, and the historical time series from

the EURO-CORDEX simulations are not long enough to allocate a separate validation period. Since uncertainty may arise from

the choice of bias correction methods, some studies have shown that the application of a multivariate bias adjustment method485

that not only adjusts the marginal distributions but also inter-variable dependencies can further improve the model performance

in representing the multivariate hazard estimates (Cannon, 2018; Zscheischler et al., 2019). However, they usually come with

greater computational cost (e.g., Cannon (2018)). We suggest that there is still a need for further research on the performance

of univariate and multivariate bias adjustment methods for the multivariate hazard estimates at a pan-European scale with a

relatively large model ensemble.490

Although extreme fire weather conditions, as represented by the FWI, are projected to intensify in terms of both frequency

and magnitude, it is important to emphasize that the FWI is a fire weather rating metric and not a measure of fire occur-

rence. In fact, fire weather creates conditions that may enhance the susceptibility of landscapes to other key wildfire drivers,

namely ignition, fuel dryness and fuel continuity (Pausas and Keeley, 2021). It remains unclear whether these bioclimatic and

anthropogenic factors will remain unchanged in Europe in the future. In general, FWI provides the most meaningful danger495

information in regions where fire activity is limited by fuel dryness rather than by vegetation productivity (Jones et al., 2022).

Nevertheless, the strongest relationships between FWI and burned area are observed in ecosystems with intermediate moisture

availability (Jones et al., 2022), including boreal and evergreen forests (Abatzoglou et al., 2018; Bedia et al., 2015), as well as

in Mediterranean Europe (Carvalho et al., 2008; Calheiros et al., 2020; Fox et al., 2018; Jones et al., 2022; Urbieta et al., 2015).

Furthermore, since the relationship between FWI and fire occurrence — and the thresholds for what constitutes extreme —500

varies regionally, it is important to incorporate regional climate and biome characteristics when interpreting FWI values for fire

danger assessments to improve early warning systems and fire mitigation strategies in a changing climate (Kudláčková et al.,

2024).

The ecosystem and socioeconomic impacts of a fire depend not only on fire weather, the availability of flammable vegetation,

and ignition sources, but also on forest management practices prior to fire events and suppression efforts. For instance, the505

burned area in the Mediterranean has shown a declining trend since the 1980s, primarily due to enhanced suppression strategies

(Turco et al., 2016), despite increasing trends in fire weather. However, the increasing pressure from climate change and more

extreme fire weather may lead to conditions where high-intensity fires overwhelm the suppression capacity (Abatzoglou et al.,
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2021; Podur and Wotton, 2010). In response to this growing challenge, international resource sharing has been recognized

as both necessary and effective in Europe (Bloem et al., 2022) and RescEU has been established as a collective response of510

European member states to this growing need by pooling resources (Hopkins and Faulkner, 2021). However, it is also critical

to recognize the so-called "fire-fighting trap" or the "suppression paradox", where extinguishing all fires at any cost may lead

to fires with greater severity in the following years under extreme fire weather conditions, due to fuel accumulation over time

(Kreider et al., 2024; Moreira et al., 2020; Parisien et al., 2020). Given that the duration and intensity of extreme fire weather

conditions are projected to increase with increasing greenhouse gas emissions, particularly in Mediterranean-type climates, a515

paradigm shift is advocated, emphasizing the importance of mitigation measures (Moreira et al., 2020). In this context, policy

effectiveness should not be measured solely by the extent of the burned area, but rather by the degree to which socio-ecological

damage is avoided (Moreira et al., 2020).

The next generation of simulations in the EURO-CORDEX framework, downscaled from CMIP6 GCMs, is currently un-

derway (Katragkou et al., 2024), with some outputs expected to become available soon. This new generation of simulations520

retains the same spatial resolution as their CMIP5 counterparts, but incorporates greenhouse gas forcing scenarios based on

the state-of-the-art Shared Socioeconomic Pathways (SSPs) instead of RCPs, along with a consistent space- and time-varying

aerosol forcing (Katragkou et al., 2024). The latter may lead to a better representation of regional extreme fire weather con-

ditions, considering that models that do not account for time-evolving aerosols underestimate the European summer warming

(Schumacher et al., 2024). In this sense, FWI-based analyses can serve as a useful framework to evaluate whether newer model525

generations improve the representation of complex, multivariate weather hazards. Future studies should also employ these

RCMs for further investigation while accounting for the "hot model problem" that was identified shortly after the release of

the associated GCMs (Hausfather et al., 2022). The present study can thus be seen as one more piece of the puzzle towards

advancing our understanding of extreme fire weather in Europe in a warming climate, while emphasizing the need for measures

to protect vulnerable regions.530

Code and data availability. The QDM implementation is based on the Python package cmethods (Schwertfeger et al., 2023), available at

https://python-cmethods.readthedocs.io/en/latest/. Singularity Stochastic Removal, seasonal cycle correction, and relative change signal ad-

justment were implemented on top of this package by the authors of this study. FWI calculations were performed using a Python script

provided by Quilcaille et al. (2023) and available at https://github.com/yquilcaille/FWI_CMIP6. All datasets used in this study are publicly

available. ERA5-Land hourly reanalysis data are available at https://cds.climate.copernicus.eu/datasets/reanalysis-era5-land. CMIP5 global535

climate model and EURO-CORDEX regional climate model data are available from the Earth System Grid Federation node at the Ger-

man Climate Computing Center through https://esgf-metagrid.cloud.dkrz.de/search?project=CMIP5 and https://esgf-metagrid.cloud.dkrz.

de/search?project=CORDEX.
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Appendix A: Further Details on Bias Adjustment of EURO-CORDEX Model Outputs

Various methods have been developed for bias adjustment (Maraun, 2016), among which quantile-based univariate methods540

are arguably one of the most widely used. For this study, we selected the Quantile Delta Mapping (QDM) method (Cannon

et al., 2015) to adjust the biases in the input fields from EURO-CORDEX simulations, which were then used to calculate the

FWI. QDM is selected due to its ability to adjust biases in each quantile while preserving the relative change signal of the

underlying climate model, as demonstrated for precipitation- and temperature-based indices (Cannon et al., 2015; Casanueva

et al., 2020; Tong et al., 2021; Xavier et al., 2022). The fundamental QDM calculation procedure is given in the main text (see545

Section 2.2.1) with further details provided below.

Quantile-based methods can inherently correct the so-called drizzle effect, where models simulate too many rainy days

compared to the reference data (Argüeso et al., 2013; Gutowski et al., 2003; Van de Velde et al., 2021), by multiplying the

lower end of the distribution by zero. To address cases where modeled dry days are more frequent than in the reference data,

Cannon et al. (2015) replaced dry days in both modeled and observed data with uniformly distributed non-zero values below550

a specified threshold prior to bias adjustment. After the bias adjustment, values below the threshold are returned to zero. This

approach has later been referred to as Singularity Stochastic Removal (SSR) (Lehner et al., 2023; Vrac et al., 2016). SSR was

applied here using a threshold of 0.05 mm day-1 to adjust occurrence biases in the EURO-CORDEX precipitation simulations,

and a more conservative threshold of 0.1 mm day-1 was used to reset the values to zero after bias adjustment.

The biases in the seasonal cycle of each atmospheric field were adjusted using a three-month running window centered on555

the month of interest (Cannon et al., 2015). Future simulation periods were adjusted in separate 10-year batches to preserve

climate change signals and reduce computational demands.
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Appendix B: Global Warming Levels based on CMIP5 Simulations

Table B1. Thirty-year time periods when the specified global warming level relative to the preindustrial period is reached for the first time

by the GCMs used as boundary conditions for the RCMs used in this study (scenario: RCP8.5). Note that each model follows a different

trajectory to reach the relevant GWLs due to differences in climate sensitivity. For all simulations, preindustrial baseline period is 1881-1910,

which is 0.46 °C colder than the reference period (1971-2000).

GCM +2 °C GWL Period +3 °C GWL Period

CNRM-CERFACS-CNRM-CM5 2029-2058 2052-2081

ICHEC-EC-EARTH 2028-2057 2052-2081

IPSL-IPSL-CM5A-MR 2020-2049 2039-2068

MOHC-HadGEM2-ES 2016-2045 2037-2066

MPI-M-MPI-ESM-LR 2029-2058 2052-2081

NCC-NorESM1-M 2031-2060 2057-2086

Appendix C: FWI Proxy Input Combinatinations

Table C1. FWI input combinations tested in this study to approximate the original noon-time FWI calculation.

Combination Temperature Precipitation Relative Humidity Wind Speed

Original at noon accumulated at noon at noon at noon

Comb-1 daily maximum accumulated daily daily mean daily maximum

Comb-2 daily maximum accumulated daily daily mean daily mean

Comb-3 daily maximum accumulated daily daily minimum daily maximum

Comb-4 daily maximum accumulated daily daily minimum daily mean
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