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Abstract. Understanding the full range of possible extreme wildfire events is crucial for risk assessment and adaptation

planning. While the historical record offers only one realization of climate, large ensemble simulations sample a broader

range of physically plausible climate trajectories, enabling the assessment of rare but realistic extreme events beyond what the

observational record alone can reveal. Here we drive the process-based dynamic vegetation-fire model LPJmL-SPITFIRE at

the global scale with different climate inputs to produce three sets of simulations: a 40 member large ensemble (40 members ×5

36 years sample), a single member drawn from the same ensemble (36 years sample), and a reanalysis-driven simulation (36

years sample), with the latter two each representing only a single trajectory of the climate system. This design enables direct

comparison of how these two single realizations (single member and reanalysis) versus large ensemble simulations sample the

most extreme fire events. We demonstrate that the single realizations are not suited to study risks associated with the most

extreme events in fire danger, burned area, and fire carbon emissions that would be possible under current climate conditions.10

As expected, the highest values in these runs are typically much lower than those of the large ensemble in most regions. The

undersampling of extremes by single realizations is greater for fire impacts (burned area and carbon emissions) than for fire

danger, highlighting that vegetation–fire feedbacks interact nonlinearly with internal climate variability. While large ensembles

reveal more extreme possible events than those simulated with reanalysis and a single climate model ensemble member, they

also enable a more robust analysis of the relationship between extreme fire danger and extreme impacts. In particular, the15

most extreme burned area and emissions do not always coincide with the most extreme fire danger, underscoring the role of

non-climatic factors such as ignitions and fuels. Specifically, years with global maximum impacts may occur in years with

global fire danger 4.6% - 8.4% lower than the maximum. The findings demonstrate that modeling a broader range of physically

plausible wildfire events through large ensemble simulations can help identify the mechanisms leading to the most extreme

and high-impact events.20
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1 Introduction

The need to adapt to unprecedented wildfire outbreaks that are difficult to predict is becoming a reality worldwide, as global

warming increases extreme wildfire behavior (Jones et al., 2022, 2024; Cunningham et al., 2025; Kelley et al., 2025). Wildfire

activity is known to be driven by multiple climate factors, mainly drought, high temperatures, and low humidity, which can

compound in complex ways and are exacerbated with climate change (Ribeiro et al., 2022; Feng et al., 2025; Richardson et al.,25

2025). In addition to its susceptibility to fire weather, the occurrence of fire also depends on land-use; fuel availability, type

and moisture; and ignition sources (natural and anthropogenic) (Forkel et al., 2019; Teckentrup et al., 2019). These drivers and

socio-environmental responses are subject to change in a changing climate and society (Jones et al., 2022; Hantson et al., 2024),

altering fire regimes in ways that are difficult to anticipate. Methods that can explore a wide range of possible fire extremes

beyond what has been observed are hence important (Kelder et al., 2025).30

The climate system is inherently stochastic with variability ranging between a number of different time scales: from daily

weather variability to monthly or seasonal variability, or long-frequency variability on the order of years to decades that can be

driven by, e.g., quasi-periodic ocean circulation patterns (Meyn et al., 2010; Deser et al., 2012). This means that the observed

climate is only one realization of the many trajectories that could have occurred, and many studies have emphasized the

importance of assessing internal climate variability when analyzing observed or possible changes (Deser et al., 2012; Lehner35

et al., 2020; Jain et al., 2023). Large ensemble climate model simulations, also known as single-model initial-condition large

ensembles (SMILEs), address this by sampling multiple possible realizations of the climate system under the same forcing.

Thus, by introducing stochasticity they allow for the assessment of different simulated outcomes and sampling of rare events,

including unseen extremes (Kelder et al., 2022; Bevacqua et al., 2023).

To model the climate impact on fire regimes and the subsequent effects on ecosystem functioning and carbon cycling, global40

fire models have been developed and coupled to Dynamic Global Vegetation Models (DGVMs), which are able to represent

the effects of fire disturbances on vegetation as well as feedback mechanisms (Hantson et al., 2020; Oberhagemann et al.,

2025). Despite considerable advances in global fire modeling, current modeling approaches often rely on a single realization of

climate conditions to drive DGVMs, whether from reanalysis or a single climate model run, each representing only one possible

weather trajectory out of the many that could have occurred under the same climate (Hantson et al., 2020; Oberhagemann et al.,45

2025). Although SMILEs have been previously used to drive impact models (large ensemble climate-impact modeling) this

has been limited to simple hydrological and crop models so far (Van Der Wiel et al., 2020; Tschumi et al., 2022, 2023; Lehner,

2024). In contrast, forcing fire-enabled DGVMs with SMILEs has remained a challenge for many reasons. The number of

climate input variables required by DGVMs compared to other impact models is larger, resulting in substantial computational

costs when forcing complex process-based models with SMILEs. Furthermore, bias-adjustment of climate input is essential50

for driving DGVMs, and the complexity of bias-adjustment procedures and methodological decisions increases proportionally

with the number of variables and size of the large ensemble. Critically, conventional bias-adjustment methods adjusting each

ensemble member individually to a single observational reference fail to preserve the primary advantage of using SMILEs

in impact modeling: the ensemble spread. To address these challenges, we bias-adjust and downscale a SMILE preserving
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modeled internal variability to serve as input to impact models, allowing the exploration of a wide range of possible climates55

and impacts (Undorf, 2023).

To better understand potential extreme wildfires under present-day climate conditions, here we use the SPread and InTensity

of FIRE (SPITFIRE) model (Thonicke et al., 2010; Drüke et al., 2019; Oberhagemann et al., 2025) coupled with the Lund-

Potsdam-Jena managed Land (LPJmL, version 5.7.10) DGVM (Schaphoff et al., 2018; Wirth et al., 2024) and forced with

the bias-adjusted and downscaled SMILE ACCESS-ESM1-5 (40 members) to generate process-based large ensemble fire60

simulations. While SPITFIRE has been coupled with other DGVMs besides LPJmL for a number of different applications,

including the Fire Model Intercomparison Project (FireMIP, part of the Inter-Sectoral Impact Model Intercomparison Project

ISIMIP), these implementations have been driven by reanalysis data or single members from climate model outputs rather

than climate large ensembles. Moreover, to date, most of the wildfire research integrating SMILEs has focused on fire weather

only (Touma et al., 2021; Quilcaille et al., 2023) or the use of empirical fire models (Keeping et al., 2025). While such studies65

provide valuable insights into climate-fire weather relationships, they do not fully represent the complex feedback mechanisms

between fire disturbance and vegetation dynamics. This study is the first to combine SPITFIRE with large ensemble climate

forcing for process-based fire simulation, allowing to sample wildfire events in the tails of the distribution more robustly.

In this work we present a novel use of LPJmL-SPITFIRE via large ensemble climate impact modeling, using reanalysis

and bias-adjusted and downscaled climate data from a SMILE as climate inputs. We use this framework to compare output70

fire simulations across three parallel set-ups: a large ensemble (1440 years sample), a single member (36 years sample) drawn

from the ensemble and reanalysis-driven simulation (36 years sample). We address two critical questions: (1) to what extent do

large ensembles capture more extreme fire danger, burned area, and carbon emissions than single realizations (a single member

drawn from the ensemble and reanalysis); and (2) how the most extreme fire danger (driver) relate to most extreme impacts

(burned area and fire carbon emissions). By exploring the full envelope of internal climate variability, this study provides new75

insights into the range of possible extreme wildfires and the weather conditions that drive them.

2 Methods

In this study, LPJmL-SPITFIRE was forced with different climate inputs to enable the comparison between a large ensemble

and individual climate realizations on sampling fire extremes (Figure 1):

1) ACCESS-ESM1-5 SMILE: 40 members climate model large ensemble, bias-adjusted (ensemble spread preserving) and80

statistically downscaled (section 2.1) between 1979-2014 (40 members × 36 years = 1440 years).

2) Single SMILE member: one member drawn from the ACCESS-ESM1-5 SMILE (r1i1p1f1), representative of standard

climate impact assessment frameworks with a single climate model trajectory (including, for example, FireMIP/ISIMIP).

3) Reanalysis: representing the reference climate trajectory during 1979–2014 (i.e., the best estimate of weather conditions

that actually occurred in the real world) which corresponds to one realization of the possibly observed climate.85

This design allows to quantify the degree to which standard single climate realizations (one member drawn from the SMILE

and reanalysis), due to internal climate variability, undersample plausible extremes represented by the large ensemble. To
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distinguish between the input forcing (SMILE, single SMILE member and reanalysis) and its corresponding LPJmL-SPITFIRE

output, we hereafter refer to the outputs as SMILE-fire, single-fire and reanalysis-fire, respectively (Figure 1).

Figure 1. Schematic overview of the modelling workflow used in this study. The climate domain (left) shows the different climate

forcing datasets: a single-model initial-condition large-ensemble (SMILE; ACCESS-ESM1-5, 40 members) and the GSWP3-W5E5 climate

reanalysis, both covering 1979–2014. SMILE climate data were bias-adjusted and statistically downscaled to a 0.5° × 0.5° global grid using

ISIMIP3BASD-LE to preserve internal climate variability across ensemble members (section 2.1). The fire-vegetation domain (right) shows

the process-based dynamic global vegetation-fire model LPJmL-SPITFIRE, which was forced with the different climate inputs to produce 3

sets of fire simulations: the full large ensemble labeled ’SMILE-fire’ (n = 1440 years), a single ensemble member drawn from the SMILE

(r1i1p1f1, n = 36 years) labeled ’single-fire’, and a reanalysis-driven simulation (n = 36 years) labeled ’reanalysis-fire’. From the three

simulations we analyze the same set of output variables: fire danger index (FDI), burned area (BA), and fire carbon emissions (FireC).

These outputs form the basis to compare the range of fire extremes captured by the large ensemble (SMILE-fire) against those from single

realizations (single-fire and reanalysis-fire) and characterize ensemble-based extreme relationships between climate drivers (FDI) and fire

impacts (BA and FireC). Arrows indicate consecutive research steps and flow of data.

2.1 Bias-adjusting and downscaling large ensemble climate input with ISIMIP3BASD-LE90

We used a modified version of the ISIMIP3BASD (Lange, 2019, 2021) bias adjustment and downscaling method tailored to

SMILE climate model data, the ISIMIP3BASD-LE (Undorf, 2023) method, to bias-adjust the ACCESS-ESM1-5 (40 members)

(Mackallah et al., 2022) SMILE against the GSWP3-W5E5 reference dataset (Dirmeyer et al., 2006; Kim, 2017; Cucchi et al.,

2020; Lange et al., 2021). The ISIMIP3BASD-LE method applies the core ISIMIP3BASD bias adjustment (after trend removal

and scaling) to the pooled 40 member ensemble, allowing to preserve the modeled internal climate variability in the process.95

Following ISIMIP3BASD protocol (Lange, 2019, 2020), the bias adjustment is applied at 1.0° spatial resolution globally, for

which conservative remapping was used first to remap the ACCESS-ESM1-5 (1.875° × 1.25°) and GSWP3-W5E5 (0.5° ×

0.5°) original resolutions to a common 1° × 1° grid. The key daily climate variables required for LPJmL-SPITFIRE forcing

were bias-adjusted: longwave and shortwave downward radiation (rlds and rsds), specific humidity (huss), air temperature

(tas), maximum and minimum tas (tasmax and tasmin, derived from tas, tasskew and tasrange), precipitation (pr), and near100

surface wind speed (sfcWind). For training and application periods, the data is split between odd and even years, meaning
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that the adjustment is estimated on odd years and applied to even and vice-versa. After bias adjustment the SMILE data is

statistically downscaled to 0.5° spatial resolution following the ISIMIP3BASD protocol. Unlike conventional bias-adjustment

methods that adjust each member individually, ISIMIP3BASD-LE is designed to adjust marginal distributions preserving the

ensemble spread (Figures A1 and A2), a measure of internal climate variability, as discussed in Appendix A. All processing105

steps, namely climate input bias adjustment, statistical downscaling, and LPJmL-SPITFIRE simulations were performed for

1979-2014, the common period with complete data across all 40 SMILE members and for all required input climate variables.

Additional details on the ISIMIP3BASD-LE implementation are provided in Appendix A.

2.2 Forcing LPJmL-SPITFIRE with different climate inputs

We used the LPJmL-SPITFIRE model forced with the bias-adjusted and downscaled SMILE, a single ensemble member110

drawn from the SMILE, and reanalysis to produce comparable simulations of fire-related variables, hereafter referred to as

SMILE-fire, single-fire, and reanalysis-fire, respectively (Fig. 1). Unlike empirical models, which derive statistical relationships

between climatic drivers (so-called fire weather) and fire outcomes (e.g. burned area), LPJmL-SPITFIRE explicitly simulates

wildfire ignitions, spread and effects on vegetation, along with ecological processes and vegetation feedbacks underlying fire.

This means that fire interacts dynamically with vegetation carbon pools, fuel loads, and land surface properties, resulting in115

mechanistic representation of fire at the global scale (Oberhagemann et al., 2025).

A standard model run consists of two subsequent spin-ups, which bring the model into equilibrium with the climate and

land-use forcing, followed by the transient simulation. The first spinup was performed for 3500 years with constant CO2

(284.73 ppm) and land-use, while the second spinup was performed for 399 years with transient CO2 (Le Quéré et al., 2015)

and land use (Fader et al., 2010). For both spinups the first 30 years of the climatic input (1979-2008) were randomly shuffled120

and used. After the two spinups, the model ran in transient mode for 36 years using reanalysis climate data from 1979-2014.

For the human and natural ignition component of SPITFIRE, the transient run used population density (Klein Goldewijk et al.,

2011) and lightning flashes from the OTD/LIS satellite product (Christian et al., 2003). For more technical information about

LPJmL-SPITFIRE, we refer the reader to Oberhagemann et al. (2025) and Appendix B.

In contrast to the simulations forced with the reanalysis GSWP3-W5E5 (reanalysis-fire), which uses a single deterministic125

climate forcing, the large ensemble simulations include 40 different climate input datasets (40 members × 36 years = 1440

years). To ensure identical initial conditions of the transient run across the different ensemble members, both spin-up phases

were performed using climate forcing from a single ensemble member (r1i1p1f1). As the spin-up serves only to bring the

model to equilibrium, we expect the choice of concrete ensemble member to play a minor role. All LPJmL-SPITFIRE transient

ensemble simulations were then initialized from the same restart file. We tested the sensitivity of this approach by performing130

the second spin-up (399 years) separately for each SMILE member, and the difference in the ensemble spread was negligible

(not shown).

5

https://doi.org/10.5194/egusphere-2026-2952
Preprint. Discussion started: 5 June 2026
c© Author(s) 2026. CC BY 4.0 License.



2.3 Analysis of LPJmL-SPITFIRE model output in terms of fire-related variables

Based on the generated simulations (SMILE-fire, single-fire and reanalysis-fire) we analyzed three LPJmL-SPITFIRE output

fire-related variables: fire danger index (FDI) based on the vapor pressure deficit (VPD) (Drüke et al., 2019), burned area (BA)135

and fire carbon emissions (FireC). To compare LPJmL-SPITFIRE fire outputs with reference fire records, the 5th version of

the Global Fire Emissions Database (GFEDv5.1) (Chen et al., 2023; Van Der Werf et al., 2017; van der Werf et al., 2025)

was used for burned area and fire carbon emissions. The GFEDv5.1 products were aggregated from their original 0.25° spatial

resolution to 0.5° (cdo gridboxsum). Both datasets include small fires at the monthly scale. Because LPJmL-SPITFIRE restricts

the simulation of wildfires occurring to natural vegetation, we excluded croplands, peatlands, and deforestation fires from140

GFEDv5.1.

We analyzed the LPJmL-SPITFIRE fire-related output variables (FDI, BA and FireC) at both global and regional scales, with

all analyses performed on annual values. The BA and FireC were summed over each calendar year and the annual maximum

FDI was calculated. Area-weighted mean values were calculated for FDI, while BA and FireC were spatially aggregated

at global and regional scales by summing grid cell values globally and across the 14 GFED regions (Giglio et al., 2006)145

(Figure C1) for both GFEDv5.1 and LPJmL-SPITFIRE simulations. Given that the LPJmL-SPITFIRE does not reproduce

the observed human-induced declining trend in burned area (Andela et al., 2017; Oberhagemann et al., 2025) all data were

linearly detrended to enable comparisons independent of trends (Figure C2). Seasonal patterns are not analyzed due to LPJmL-

SPITFIRE limitations in representing fire behavior in areas where fire spread occurs at the end of the year (Figure C3), arising

from temporal resolution mismatches between the vegetation and fire components (Oberhagemann et al., 2025).150

2.3.1 Comparing large ensembles with single realizations

For each detrended fire-related variable (FDI, BA and FireC) at the annual time-scale and GFED region, we compared the

pooled large ensemble SMILE-fire (40 members × 36 years = 1440 years) against the single-fire (36 years) and reanalysis-fire

(36 years) simulations. By construction, pooling the 40 members (1440 years) allows the SMILE-fire to sample considerably

rarer events than any single 36 years simulation. The single realizations are therefore expected to systematically undersample155

the most extreme events. To quantify this, we computed for each detrended fire-related variable X the relative difference

between the maxima values of each single realization and the pooled SMILE-fire simulations as

∆max =
max(Xsingle)−max(XSMILE−fire)

max(XSMILE−fire)
× 100 (1)

where max(Xsingle) corresponds to the single realization (single-fire or reanalysis-fire) largest annual value (anomalies of

annual maximum FDI, anomalies of annual total BA, or anomalies of annual total FireC) over 1979-2014 (36 years sample).160

The max(XSMILE−fire) corresponds to the maximum annual value of the pooled 40-member SMILE-fire (1440 years

sample). Positive values indicate that single realizations maximum value exceeds the SMILE-fire maximum value, while

negative values indicate undersampling of rarer events by single realizations. Additionally, we computed the 95th (p95),

97.5th (p97.5), and 99th (p99) percentile thresholds of the SMILE-fire, corresponding to progressively rarer events within
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the 1440-years sample. In terms of return periods, these thresholds correspond to approximately 1-in-20 years (p95), 1-in-40165

years (p97.5), and 1-in-100 years (p99), computed as 1/(1-p) applied to the pooled sample. Of these, p97.5 is the closest to the

expected return period of the maximum value from the 36-year single realizations (1-in-36 years).

2.3.2 Ensemble-based extreme driver-impact relationships

We used the SMILE-fire simulations to assess the relationship between extreme FDI (driver) and extreme fire impacts (BA

and FireC). For each ensemble member, we consider the maximum value of FDI, BA and FireC at annual resolution (i.e.,170

the maximum of the full 36-year period for each variable and ensemble member). We then conditionally sampled extremes by

extracting FDI values corresponding to the year in which BA or FireC attain their maximum over the full period, and vice versa.

For a single realization, this yields one maximum value over the 36-year period. In contrast, the SMILE-fire large ensemble

provides 40 such values (one per ensemble member), enabling a more robust characterization of conditional and unconditional

distributions of extremes. Specifically, for each SMILE-fire ensemble member, we extract extreme values of FDI, BA and175

FireC for two conditions. The first impact-focused condition corresponds to the FDI (driver) at maximum BA (FDI|BAmax)

or FireC (FDI|FireCmax). This condition describes whether extreme impacts require extreme drivers. The second driver-

focused condition corresponds to the impact (BA or FireC) at maximum FDI (BA|FDImax or FireC|FDImax). This

condition shows whether extreme drivers always produce extreme impacts.

We compare the SMILE-fire conditional and unconditional distributions (FDImax, BAmax, and FireCmax) to assess the180

coupling between drivers (FDI) and impacts (BA and FireC) within the large ensemble SMILE-fire. Similar ensemble climate-

impact approaches have been used to identify compounding climate drivers of extreme impacts (Bevacqua et al., 2021, 2023;

Zscheischler et al., 2014; Van Der Wiel et al., 2020; Lehner, 2024). To assess the extent to which extreme fire danger drives

extreme fire impacts, we calculated:

∆cond =
min(Xcond)−min(Xuncond)

min(Xuncond)
× 100 (2)185

where Xcond represents 40 conditional samples (e.g., FDI|BAmax) and Xuncond represents 40 unconditional samples (e.g.,

FDImax). For example, ∆FDI|BAmax
compares the minimum value of the 40 FDI values when BA was at its maximum

(across members) to the minimum FDImax. Since FDImax is by definition the maximum FDI over all 36 years of a single

member, it is always greater or equal to the conditional FDI. Therefore, ∆cond ≤ 0 by construction. While values near zero

indicate that extremes in both variables tend to co-occur, negative values indicate that FDImax does not necessarily coincide190

with BAmax and FireCmax. This was calculated both globally and separately for each of the 14 GFED regions.

3 Results

3.1 Interannual spread and general patterns of wildfire simulations

At both global and regional scales (GFED regions), the single realizations (single-fire and reanalysis-fire) lie within the

absolute spread of the SMILE-fire (Figures 2 and C4). In particular, the interquartile ranges are very similar at both global195
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and regional scales among the LPJmL-SPITFIRE simulations, indicating consistent variability in fire behavior (Figures 2 and

C5). Nevertheless, the SMILE-fire simulates a broader range of extreme values than captured by either the reanalysis-fire or

single-fire simulation due to the wider representation of the internal climate variability by the large ensemble (Figures 2 and

C4). When pooling all ensemble members, the SMILE-fire extremes are consistently larger than those in single simulations at

global, regional and pixel-level scales (Figures 2 boxplots, C4, C6, C7 and C8).200

The strength of the pairwise linear relationships between the fire-related annual variables at the global scale is generally

comparable across the different LPJmL-SPITFIRE simulations (Figure 2d,e,f). Nevertheless, the SMILE-fire’s larger sample

size (1440 years sample) enables a more robust characterization of extreme events compared to the single-fire and reanalysis-

fire simulations. The strongest relationship is between BA vs FireC (impacts, Figure 2f), followed by FDI (driver) vs FireC

(Figure 2e) and FDI vs BA (Figure 2d). This hierarchy of correlations aligns with the process-based structure in LPJmL-205

SPITFIRE, where fire danger influences fire occurrence probability but does not fully determine fire spread (BA) and carbon

emissions. The tight coupling between BA vs FireC is expected as fire emissions are calculated from burned area and fire

intensity, which itself is a function of burned area in LPJmL-SPITFIRE (Figure B1). The more modest correlations between

FDI (driver) and fire impacts (BA and FireC) reflect the additional factors required for fire occurrence as ignitions and fire

spread/fire size, leading to higher variability.210

We compare with the GFEDv5.1 in the common period of 2002-2014. The LPJmL-SPITFIRE simulations show good

agreement with GFEDv5.1 in terms of global interannual variability (Figure 2a–c). In terms of pairwise relationships, GFEDv5.1

has lower correlation between global BA and FireC compared to the LPJmL-SPITFIRE simulations, which can however be an

artifact of the short common time period (Figure 2f). Despite an overall good spatial agreement between LPJmL-SPITFIRE

and GFEDv5.1, regional and pixel-level comparisons suggest discrepancies in northern Australia and equatorial Asia (EQAS)215

for both BA and FireC (Figures C4–C7), consistent with Oberhagemann et al. (2025). In terms of spatial variability, northern

hemisphere South America (NHSA) and equatorial Asia (EQAS) exhibit the highest interquartile ranges in FDI (Figure C5),

while southern hemisphere South America (SHSA), northern hemisphere Africa (NHAF), and southern hemisphere Africa

(SHAF) show greater variability in fire impacts (BA and FireC) according to LPJmL-SPITFIRE (Figure C4 and C5).

3.2 Large ensemble fire simulations allow sampling of very extreme events220

Single realizations systematically undersample the SMILE-fire most extreme value of the three fire-related variables in the

majority of GFED regions, with both single-fire and reanalysis-fire simulations showing negative ∆max in most of the regions

(Figures 3 and 4). For FDI, both the single-fire and reanalysis-fire simulations show negative ∆max in all regions, confirming

consistent undersampling of extreme fire danger by single realizations in contrast to SMILE-fire (Figures 3a and 4a). The

largest differences occur in EURO (-59.3% single-fire Figure 3a, -73.5% reanalysis-fire Figure 4a) and TENA (-39.9% single-225

fire, -62.7% reanalysis-fire), while MIDE (-18.5% single-fire, -19.7% reanalysis-fire) and BONA (-36.2% single-fire, -35.1%

reanalysis-fire) show relatively smaller but still undersampling. This uniform negative ∆max suggests that neither single simulation

type captures the full range of possible fire danger extremes that would be possible in the current climate, regardless of region.
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Figure 2. Global fire-related variables simulated by LPJmL-SPITFIRE (1979–2014) and from the Global Fire Emissions Database

version 5.1 (GFEDv5.1; 2002–2014) for reference. Time-series panels show (a) global weighted-average annual maximum fire danger

index (FDI), (b) global annual total burned area (BA), and (c) global annual total fire carbon emissions (FireC). Four datasets are shown:

the 40-member large ensemble labeled ’SMILE-fire’ (gray shading, full ensemble range), a single ensemble member labeled ’smile-fire’

(yellow), a reanalysis-fire simulation labeled ’reanalysis-fire’ (blue), and GFEDv5.1 reference data (black in time series and scatter plots;

white in boxplots). Boxplot whiskers extend to 1.5 times the interquartile range from the 25th and 75th percentiles. Scatter plots show

pairwise relationships between FDI and BA (d), FDI and FireC (e), and BA and FireC (f), with the linear correlation r reported for each

dataset. All data were linearly detrended over the periods shown to enable trend-independent comparisons.
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Figure 3. Percentage relative difference between LPJmL-SPITFIRE single-fire simulation (36 years) and 40-member large ensemble

(SMILE-fire, 1440 years) maxima across GFED fire regions. Global maps (a–c) show ∆max (Eq. 1) for (a) fire danger index (FDI), (b)

burned area (BA), and (c) fire carbon emissions (FireC). Negative values (red, orange, and yellow) indicate that the single-fire maximum

falls below the SMILE-fire maximum, suggesting undersampling of extremes; positive values (blue) indicate overestimation. The 14 regions

follow the GFED classification: BONA (Boreal North America), TENA (Temperate North America), CEAM (Central America), NHSA

(Northern Hemisphere South America), SHSA (Southern Hemisphere South America), EURO (Europe), MIDE (Middle East), NHAF

(Northern Hemisphere Africa), SHAF (Southern Hemisphere Africa), BOAS (Boreal Asia), CEAS (Central Asia), SEAS (Southeast Asia),

EQAS (Equatorial Asia), and AUST (Australia). Regional boxplots (d–f) show the distribution of single-fire simulations (36 years) alongside

the 95th (red), 97.5th (purple), and 99th (black) percentile thresholds of the SMILE-fire, computed by pooling all 40 ensemble members

(1440 years). Regions where the SMILE-fire 99th percentile exceeds the single-fire maximum are marked with bold italic labels and an

asterisk (*) on the x-axis. All variables were linearly detrended.

In terms of BA and FireC impacts, the single-fire simulation consistently underestimates extremes across both variables and

regions, as expected from a single 36-year sample (Figure 3b,c). The reanalysis-fire simulation also generally undersamples230

BA and FireC extremes, with the exception of Boreal North America (BONA), Central America (CEAM), and Northern

Hemisphere Africa (NHAF) (Figure 4b,c). Despite the few exceptions, the FireC reanalysis-fire simulation shows the greater

undersampling in EURO (-88.1% ), BOAS (-84.2% ), and TENA (-79.8% ). In general, the magnitude of undersampling by both
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Figure 4. Same as Figure 4 but for the reanalysis-fire LPJmL-SPITFIRE simulation rather than the single-fire simulation.

single simulations is generally larger for fire impacts (BA and FireC) than for the FDI (climate driver). While the BA single-

member simulation exhibits the strongest undersampling in SHSA (-70.1% ), the BA reanalysis-fire strongest undersampling235

occurs in BOAS (-80.2% ). In terms of FireC, the single-member simulation largest ∆max occurs in SHSA (-72.2% ).

As a sensitivity analysis, Figures 3d-f and Figures 4d-f display the respective full range of the single realizations in contrast

with progressively rarer extreme percentiles of the pooled SMILE-fire (95th, 97.5th and 99th, respectively p95, p97.5 and p99).

For FDI, the SMILE-fire simulation p99 exceeds the maximum range of both the single-fire and reanalysis-fire simulations in 9

out of the 14 GFED regions (Figure 3d and 4d), indicating undersampling of 1-in-100 year events by the single realizations in240

these areas. Despite the fact that a sample of 36 years cannot be expected to regularly capture a 1-in-100-year event, the results

demonstrate that SMILE-fire provides unique value in characterizing the most extreme events in contrast to single realizations.

Even for 1-in-40-year events (p97.5), which are closer in frequency to the most extreme events expected in a 36-year single

realization, the SMILE-fire ensemble exceeds the upper whisker of the boxplot (defined as 1.5 × interquartile range above

the 75th percentile) in several regions (despite not always surpassing the highest individual outlier). This indicates that the245

SMILE-fire captures more frequent and intense extreme values than empirically possible in the shorter simulations.
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3.3 Relationships between extreme fire danger and impacts

We now examine each SMILE-fire member individually to unfold relationships between drivers (FDI) and impacts (BA and

FireC) within individual climate trajectories. The distribution of the pooled SMILE-fire FDI (driver) is illustrated in Figures

5a and 6a. Based on the 40 members, the SMILE-fire BAmax (impact, Figure 5b) and SMILE-fire FireCmax (impact,250

Figure 6b) from each member are identified in the SMILE-fire FDI distribution (blue vertical tick marks in Figures 5a and

6a). This corresponds to the impact-focused conditional sampling of FDI (FDI|BAmax and FDI|FireCmax), which we

compare against the unconditional sampling FDImax for each ensemble member (yellow shading region in Figures 5a and

6a) to illustrate whether extreme impacts require extreme drivers. The spread of the SMILE-fire FDI conditional sampling

tends to be larger than the SMILE-fire FDI unconditional sampling, with longer lower tails. In other words, a few ensemble255

members achieve maxima impacts (BAmax and FireCmax) in years without maximum fire danger (impact-focused condition)

(Figures 5 and 6a,b). This means that the SMILE-fire enables us to explore extreme impact wildfires under a range of possible

non-extreme fire danger, that would be missed by using a single simulation with its limited sampling. Specifically, when FDI

is conditioned on BAmax (FireCmax) (Figures 5 and 6a,b), years with BAmax (FireCmax) can experience FDI conditions

that are -4.6% (-8.4%) below the lowest FDImax across the 40 ensemble members (∆cond in Eq. 2).260

In the same fashion, the SMILE-fire FDImax (driver, Figure 5a and Figure 6a) for each member are identified in the impact

distributions of SMILE-fire BA and FireC (yellow vertical tick marks in Figures 5b and 6b). Similarly, the FDImax of a

few ensemble members do not translate into the largest impacts. Specifically, years with FDImax may yield to BA (FireC)

values -14.1% (-16.2%) below the lowest BAmax (FireCmax ). This means that FDImax is not a sufficient condition for

extreme impacts. The joint distributions of driver vs impacts include FDI|BAmax vs BA|FDImax and FDI|FireCmax vs265

FireC|FDImax and confirm that many extreme impacts occur under non-extreme fire danger (blue dots in 5c and 6c), and

many extreme FDI events do not lead to extreme burned area (yellow dots in 5c and 6c). This decoupling reflects the influence

of non-climatic factors modulating fire activity rather than fire danger alone.

The values of ∆cond vary considerably across the 14 GFED regions (Figures 5e and 6e), ranging from near zero in some

regions (suggesting co-occurrence of extreme FDI and impacts) to highly negative values in others. For FDI|BAmax, the270

∆cond can go up to -26.9% in EURO, indicating that factors like fuel structure or ignitions may enable large fires even without

peak fire weather. Similarly, ∆cond BA|FDImax shows larger values up to -54.9% in EURO, meaning that even at peak fire

danger, burned area reaches less than half of its potential maximum in EURO. For FDI|FireCmax, the ∆cond goes up to

-20.0% in CEAS and NHSA, indicating that extreme carbon emissions can occur under sub-maximal FDI. Similarly, ∆cond

FireC|FDImax shows much larger negative values up to -55.6% in BOAS, meaning that even at peak fire danger, emissions275

often reach less than half of their FireC potential maximum in BOAS.

In general, the discordance is more evident when impacts (BA and FireC) are conditioned on FDI maxima rather than when

FDI is conditioned on maxima impacts. Across the SMILE-fire ensemble, more individual members simulate peak FDI without

coinciding maximum impacts, while fewer members simulate peak impacts without peak fire danger (tick marks in Figures

5a,b and 6a,b). This reveals that peak FDI is a necessary but not sufficient driver of extreme fire impacts: while BAmax and280
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Figure 5. Relationship between fire danger index (FDI) and burned area (BA) maxima across SMILE-fire at global and regional

scales. Probability densities of global FDI (a) and BA (b) pooling all 40 ensemble members (gray). (a) Yellow shading marks values above the

lowest FDImax across each member (40 unconditional values), and blue vertical tick marks indicate FDI|BAmax (40 conditional values).

(b) Blue shading marks values above the lowest BAmax (40 unconditional values), and yellow vertical tick marks indicate BA|FDImax (40

conditional values). (a,b) Top left global ∆cond defined as the relative difference between the conditional and unconditional minima (Eq. 2). (c)

The joint distribution of global FDI and BA across all ensemble members and years: gray dots represent all years; yellow filled dots indicate

years when FDI reaches its member maximum but BA does not; blue filled dots indicate years when BA reaches its member maximum but

FDI does not; transparent yellow and blue dots indicate years when both variables simultaneously reach their member maximum. Vertical

lines mark the minimum unconditional thresholds for FDI (yellow) and BA (blue). (d) Regional ∆cond values for each of the 14 GFED

regions. Panels a) and b) were inspired by Figure 3 of Van Der Wiel et al. (2020).
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Figure 6. Same as Figure 5 for fire carbon emissions.
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FireCmax may occur without the FDImax, it is more possible that FDImax occurs without producing BAmax or FDImax.

Similarly to Figures 3 and 4 where EURO and BOAS were among the regions where single realizations undersample extremes

the most, these are also regions with more discordance between conditional and unconditional maxima, highlighting the critical

role of other factors rather than climate conditions conducive of fire extremes. These findings underscore the critical role of

ecosystem processes in modulating fire outcomes, which are explicitly captured in LPJmL-SPITFIRE. While fire weather only285

studies lack the mechanistic representation of vegetation–fire feedbacks needed to explain why extreme fire danger does not

always lead to extreme impacts, relying on a single realization, even with a process-based model, underestimates extremes due

to insufficient sampling of internal climate variability. By combining a fire-enabled DGVM with a large ensemble, both the

broad range of climate variability and the underlying ecosystem controls on fire can be robustly represented.

4 Discussion and conclusions290

This study demonstrates that single climate realizations undersample physically plausible fire extremes captured by large

ensemble simulations, particularly the more extreme values. Due to internal climate variability we can expect extremes beyond

those captured by single realizations to occur, presenting a critical challenge for fire risk assessment. This applies not only to

simulations conducted with climate reanalysis but also to the simulations driven by a single climate model run, as commonly

done in state-of-the-art climate impact assessment frameworks (Warszawski et al., 2014). Our analysis reveals that neither295

single realization fully captures the broader range of fire extremes that would be possible under the current climate, and that

very extreme fires are possible under moderately extreme fire danger levels. This suggests that storylines (Shepherd et al.,

2018; Sillmann et al., 2021) leading to the most extreme fires should be explored in more detail, in particular the combinations

of compounding favorable fire weather with high fuel availability, fuel moisture, and ignition patterns, that single realizations

do not sample comprehensively (Zscheischler et al., 2020; Bevacqua et al., 2023).300

The SMILE-fire simulations are particularly valuable for studying fire impact variables, burned area and fire carbon emissions,

compared to the climate driver, fire danger. For most regions, the maxima of single realizations rank below those of SMILE-fire,

with fire carbon emissions from single realizations showing the largest undersampling. In other words, smaller changes in fire

danger extremes due to internal variability have the potential to trigger stronger responses in burned area and emissions. This

can be explained by nonlinearities and vegetation-fire feedbacks. While fire danger tends to respond more linearly to changes in305

climate forcing, the transition from fire driver to actual fire outcomes involves threshold behaviors and vegetation-fire feedbacks

that can push ecosystems past critical states, triggering a larger response in fire outcomes than fire danger. Moreover, fire carbon

emissions are particularly more sensitive because they depend not only on burned area but also on fuel load and combustion

completeness, and thus exhibit higher sensitivity to the role of internal climate variability on the process-based modeling chain.

The potential for extremes beyond those captured by reanalysis and a single member drawn from SMILE-fire varies markedly310

by region. At the regional scale, the SMILE-fire captures higher maxima of fire-related variables than both the reanalysis and

single-member in nearly all GFED regions, except for boreal north America (BONA), central America (CEAM) and northern

hemisphere Africa (NHAF). These exceptions, though modest, may be related with factors relevant for the stochasticity of
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fires in boreal and tropical regimes that are not incorporated in our large ensemble scheme. For example, it could be the

case that for the same probability of lightning (which is not different across ensemble members in our case), any of the315

SMILE members synchronizes the rare combinations of fire danger and fuels captured by the reanalysis. In some cases, the

single-member simulations might also include the most extreme event of the SMILE by chance. Although a finite number

of ensemble members cannot fully encompass all physically possible climate-fire interactions, the ensemble of 40 members

used here sample a substantially broader range of climate trajectories than single realizations, consistently revealing stronger

impacts across most regions.320

There are some limitations of the present study to note. The LPJmL-SPITFIRE fire danger is based on VPD with plant

functional types (PFT)-specific tuning parameters and the live fuel moisture levels are calculated based on a growing season

index (Oberhagemann et al., 2025). While VPD captures the atmospheric demand for moisture, it does not directly incorporate

other meteorological variables that more comprehensive fire danger indices such as the Canadian Fire Weather Index (FWI)

(Wagner, 1987) which includes wind and precipitation. While wind speed drives fire spread in the Rothermel model (see325

Appendix B for LPJmL-SPITFIRE model structure) and precipitation acts on vegetation state and fire behavior through

process-based components, neither is explicitly captured in the FDI itself. Thus, while LPJmL-SPITFIRE framework does

account for meteorological variables beyond VPD, their contributions are not explicit in what we refer here is as ’climate

driver’, as we define it through FDI (VPD-based). Disentangling the relative roles of other climate drivers beyond FDI

constitutes an important avenue for future work. Particularly, assessing the ensemble-based relationships between climate330

drivers and extreme impacts (burned area and carbon emissions) could be generalized to a broader set of climate variables

beyond FDI, including wind speed, precipitation, and large-scale atmospheric circulation patterns. Such an approach would

allow exploring physically self-consistent combinations of drivers governing extreme fires, in line with physical climate

storyline methods. This framework can equally be extended on the impact side to the full range of LPJmL-SPITFIRE outputs,

namely fire size, fire duration, number of fires, and vegetation mortality, enabling a more comprehensive characterization of335

extreme fire events beyond the burned area and fire carbon emissions examined here.

Beyond hydrometeorological drivers, topography and fire ignition assumptions are aspects that future work could further

address. Satellite-derived lightning products have inherently limitations (Christian et al., 2003) and human-caused ignition

based on population density (Thonicke et al., 2010) does not fully capture human ignition behavior driven by, for example,

land management practices or socioeconomic factors (Ribeiro et al., 2024; Forrest et al., 2024). Furthermore, lightning ignition340

probability is held constant across ensemble members, and thus does not respond to changes in convective activity associated

with different climate states. As a result, while fire weather favorable conditions across the ensemble members amplify the

fire outcomes of the same prescribed ignitions, lightning cannot itself act as a source of climate-driven variability in the

simulations. Future work could include climate model output of lightning-related variables to allow ignition probability to

respond dynamically to the climate state, enabling a more complete representation of natural climate variability in fire activity345

(Janssen et al., 2023).

It should be noted that while LPJmL-SPITFIRE produces reasonable estimates of mean burned area and fire carbon emissions,

its performance in modeling extreme fires remains less explored. In particular, SPITFIRE represents surface fire spread but does
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not explicitly simulate crown fire or canopy fire spread, which are characteristic of the most extreme fire events in boreal and

other fire-prone ecosystems (Ward et al., 2018). Additionally, including the influence of wind and precipitation on live fuel350

moisture computation would furter contribute to improve extreme fire danger conditions and to separate the influence of wind

speed on fire spread from the influence of atmospheric drying of the fuel. Beyond process representation, the observational

benchmarks used to validate LPJmL-SPITFIRE (Oberhagemann et al., 2025) are typically drawn from GFED databases, and

cross-comparison against additional products (e.g. Table 7 in Li et al. (2026)) would provide a more robust assessment of

model performance, particularly in the extremes where observational uncertainty is largest. The choice of calibration dataset355

directly influences model behavior in the extremes, hence model development, calibration and benchmarking using different

observational fire products could therefore yield meaningfully different representations of extreme fire events. In this sense,

the large ensemble framework is itself a tool for understanding model behavior in the extremes: due to increased sample size,

large ensembles deliberately sample the extremes that the model can produce, making the performance in that range visible

and open to evaluation in future work.360

While climate models and vegetation-fire process-based models are powerful tools to understand climate-vegetation-fire

relationships, they are computationally expensive at the global scale using large ensembles. For this reason, frameworks

such as ISIMIP rely on single realizations across multiple climate models and process-based models, missing an adequate

representation of the response to climate variability. However, these selected models typically underestimate uncertainties

related to internal climate variability and varying model structure in key sectors at the global scale (Bevacqua et al., 2026).365

While our analysis consists of one SMILE paired with one impact model, a single SMILE already provides multiple realizations

of internal variability as represented by one climate model. Combining multiple SMILEs with multiple process-based vegetation-

fire models would further enable explicit separation of the contribution of internal variability from structural model uncertainty

(Lehner, 2024). Extended to future fire projections, a key area of study for the fire modeling community with high societal

relevance (Keeping et al., 2025; Quilcaille et al., 2023), would additionally need to account for varying socio-economic370

scenarios (Lehner, 2024), which can be highly relevant for fire ignition and suppression. This remains computationally and

methodologically challenging. While these barriers are important to overcome for concrete wildfire risk and impact quantification,

the illustrated added value of using large ensemble climate data holds nonetheless.

A key methodological consideration in this work is that the offline modeling approach used here (driving LPJmL-SPITFIRE

with a SMILE) requires bias adjustment and statistical downscaling of the climate input variables. In particular, the ISIMIP3BASD-375

LE procedure aligns the input large ensemble with a single observed climate realization, the reanalysis, constraining the

range of attainable values of each climate variable (e.g. 2m temperature) to those present in the reanalysis. However, fire

conditions are rarely determined by a single variable in isolation: they emerge from compound combinations of dryness, heat,

low humidity, extreme wind, and fuel moisture that co-occur in physically consistent ways. The frequency of such compound

combinations is still substantially enlarged by the large ensemble scheme relative to a single realization, and we therefore380

expect this to constitute a significant added value of the large ensemble framework demonstrated here. Furthermore, the

ISIMIP3BASD implementation applied here bias-adjusts the pooled ensemble members rather than each member individually

(Lange, 2019), which preserves the variance across different members and avoids artificially constraining the ensemble spread.
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The ensemble-impact modelling approach demonstrated here is transferable in method and rationale to other impact sectors

beyond wildfires. In agriculture and hydrology, analogous added value of large ensembles has already been documented385

(van der Wiel et al., 2019; Van Der Wiel et al., 2020; Bevacqua et al., 2021; Vogel et al., 2021; Lehner, 2024), suggesting

that the findings identified here reflect a general feature of ensemble climate-impact modeling. Systematic application of large

ensemble impact frameworks across socio-ecological sectors would therefore inform society much more comprehensively on

climate-related risks, in ways that approaches relying in single realizations cannot support.

Appendix A: The ISIMIP3BASD-LE390

A1 Large ensemble bias-adjustment and downscaling

The ISIMIP3BASD-LE (Undorf, 2023) consists of a modified version of the ISIMIP3BASD Lange (2019, 2020). Based on

ISIMIP3BASD-LE, the 40 member ACCESS-ESM1-5 model ensemble (Mackallah et al., 2022) was bias-adjusted to correct

systematic biases while preserving modelled internal climate variability. In contrast to ISIMIP3BASD, which was designed

to process only single realizations (r1i1p1f1), ISIMIP3BASD-LE applies the core steps of the ISIMIP3BASD method (after395

detrending and scaling which are applied to each ensemble member individually) to a pooled ensemble, thus creating a richer

climate model dataset from which bias adjustment transfer functions can be derived. This allows to better preserve the ensemble

spread and systematic differences between the ensemble members, compared to adjusting each member individually. The

core of the ISIMIP3BASD consists of a trend transfer by quantile to construct ’pseudo-future observations’, together with a

parametric or nonparametric (depending on the variable and the quality of the parametric fit) quantile mapping, inspired by400

Switanek et al. (2017). We refer to Lange (2019, 2021) and the changelog in Lange (2020) for more details.

Before applying the bias adjustment both observational data and each ensemble member are remapped to a common 1.0°

global resolution grid, using conservative remapping (cdo remap). The bias adjustment is then applied at this resolution,

independently to each gridcell. We bias adjust air temperature (tas), precipitation (pr), shortwave and longwave downward

radiation (rsds and rlds), wind speed (sfcWind), relative humidity (hurs), surface air pressure (ps), daily temperature range405

(tasrange = tasmax - tasmin) and daily temperature skew (tasskew = (tas-tasmin)/tasrange). Daily minimum and maximum

temperature (tasmin, tasmax) are subsequently obtained from tas, tasrange and tasskew. Out-of-sample application of the

method is important as when applied in-sample the observations might be perfectly reconstructed (e.g. Spuler et al., 2024, 2026).

Thus we split the data into training and application period by considering odd and even years independently (cmp. Lange,

2019), using the odd years to define the bias adjustment transformation function to adjust the even years and vice-versa. The410

ISIMIP3BASD-LE method is applied in a running window with a window size of 31 and a step size of 3 days. Whilst this step

size is slightly larger than the default of 1 day for ISIMIP3BASD, we found this to be of minor importance and it allowed for

substantial computational savings.

Figure A1 shows the empirical cumulative distribution functions (ECDFs) of observations as well as the ECDFs of the

SMILE members before and after bias adjustment. The observational ECDFs are captured by the range of bias adjusted model415
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Figure A1. Empirical cumulative distribution functions (ECDFs) of spatially averaged tas (average temperature), tasmax (maxmimum

temperature), tasmin (minimum temperature), precipitation (pr), surface wind (sfcwind), surface downwelling longwave and shortwave

radiation (rlds and rsds), specific humidity (huss); ACCESS-ESM1-5 before (gray) and after bias-adjustment and downscaling with

ISIMIP3BASD-LE (purple).

ECDFs, which suggest successful out-of-sample application on the global scale. Further, some difference between the model

ECDFs seems to be preserved, suggesting that structural differences between ensemble members remain.

After bias adjustment and merging of the individually adjusted odd and even years the MBCnSD method, part of ISIMIP3BASD,

was used to statistically downscale each ensemble member at 1° × 1° to 0.5° × 0.5° resolution. The MBCnSD method builds

upon the MBCn algorithm by Cannon (2018). A key advantage of this method is that it preserves values at the aggregated spatial420

resolution, meaning the weighted sum of all downscaled time series within one coarse grid cell equals the original coarse-

resolution value. This ensures consistency across spatial scales and maintains the statistical properties of the bias adjusted

large ensemble.

To quantify the preservation of modelled internal climate variability throughout the bias-adjustment and downscaling procedures,

we calculated the ensemble standard deviation (as measure of the ensemble spread) of daily global averages (cdo ensstd). For425

each day t, the ensemble standard deviation σ(t) is given by:

σ(t) =

√√√√ 1

M − 1

M∑

m=1

(
Xm(t)−XM (t)

)2
(A1)

where Xm(t) is the spatially averaged value of variable X for ensemble member m on day t, XM (t) is the ensemble mean

across all members on day t, and M is the number of ensemble members. Finally, we averaged σ(t) in time and calculated the

spread ratio of the bias-adjusted (BASD) data to that in the raw data:430

Spread Ratio =
σBASD

σraw
(A2)
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Figure A2. Ensemble standard deviation σ(t) (Equation A1) of daily global averages, before (black) and after bias-adjusted and downscaling

with ISIMIP3BASD-LE (purple). The top left values indicate the spread ratio defined in Equation A2.

Density plots of Equation A2 are shown in Figure A2. Ensemble spreads seem preserved after bias adjustment and downscaling

(values close to 1), meaning that this does not artificially suppress or amplify the range of climate outcomes represented in the

large ensemble.

Bias-adjustment and downscaling were performed using Python (ISIMIP3BASD-LE and ISIMIP3BASD), with supporting435

data operations implemented via Bash, CDO, and NCO. Major computational challenges included I/O bottlenecks, time

dimension re-ordering in netCDF files, and attribute management, with operations on concatenated ensemble data cubes

proving particularly resource-intensive. For these reasons, the final step of enforcing variable limits (Lange, 2020, 2021) after

bias adjustment and statistical downscaling was performed using mathclm which is part of the LPJmL utilities.

Appendix B: The LPJmL-SPITFIRE440

B1 Model structure

LPJmL-SPITFIRE is a fire-enabled DGVM that is able to simulate the impact of wildfires on vegetation dynamics, and vice-

versa (Oberhagemann et al., 2025). In this modeling framework, vegetation dynamics are simulated by the LPJmL model

(Schaphoff et al., 2018; Von Bloh et al., 2018), while SPITFIRE represents the fire module that is coupled to LPJmL . The

coupled LPJmL-SPITFIRE model explicitly accounts for the impacts of wildfires on vegetation structure and composition, as445
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Figure B1. Systems diagram describing model–data integration of LPJmL-SPITFIRE, adapted from Thonicke et al. (2010), Drüke et al.

(2019) and Oberhagemann et al. (2025).

well as feedbacks of vegetation properties on fire occurrence, spread, and intensity. SPITFIRE calculates fire disturbance by

simulating the fire danger, ignition, spread, and the impacts of fire separately (Oberhagemann et al., 2025). The main features of

SPITFIRE (Fig. B1) are published in Thonicke et al. (2010) and recent improvements were included in Drüke et al. (2019) and

Oberhagemann et al. (2025). SPITFIRE requires daily climate input of maximum and minimum air temperature, precipitation,

longwave and shortwave downward radiation, wind, and humidity. As non-climate input data, population density and lightning450

flashes are also required. Main SPITFIRE output variables are fire danger, burned area, fire emissions and number of fires (Fig.

B1). While previous versions of SPITFIRE used the Nesterov Index (based on maximum temperature, dew point temperature

and the different plant functional types) for calculating fire danger, recently Drüke et al. (2019) implemented a VPD-based fire

danger. The duration of the fire is determined by the fire danger index and assumes a longer burn time under high fire danger.

SPITFIRE considers two types of ignition sources: lightning flashes and human ignitions determined based on population455

density (see Eqs. 3 and 4 in Thonicke et al. (2010)). The Rothermel equations are employed to determine fire spread, which

also varies according to plant functional types. Finally, the model uses the simulated fire danger, ignitions, and spread to

estimate burned area and fire carbon emissions. The model restricts the simulation of wildfires occurring to natural vegetation,

excluding managed land, such as agriculture, due to fundamentally different fire dynamics in this type of land (Ribeiro et al.,

2024).460
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Figure C1. Global Fire Emissions Database (GFED) regions: BONA (Boreal North America), TENA (Temperate North America), CEAM

(Central America), NHSA (Northern Hemisphere South America), SHSA (Southern Hemisphere South America), EURO (Europe), MIDE

(Middle East), NHAF (Northern Hemisphere Africa), SHAF (Southern Hemisphere Africa), BOAS (Boreal Asia), CEAS (Central Asia),

SEAS (Southeast Asia), EQAS (Equatorial Asia), and AUST (Australia).

Appendix C: Additional Figures

. Code Availability. The used version of LPJmL-SPITFIRE is archived on Zenodo at https://doi.org/10.5281/zenodo.1473450 by (Oberhagemann

et al., 2025). The code for bias-correction is made available by Undorf (2023) in https://zenodo.org/records/10377116 and for downscaling

in https://doi.org/10.5281/zenodo.2549631 by Lange (2020).

. Data Availability. The GSWP3-W5E5 reanalysis (Dirmeyer et al., 2006; Kim, 2017; Cucchi et al., 2020; Lange et al., 2021) is made465

available by the ISIMIP3a portal (https://files.isimip.org/ISIMIP3a/InputData/climate/atmosphere/obsclim/global/daily/historical/GSWP3-

W5E5/). The ACCESS-ESM1-5 data is made available by the Earth System Grid Federation (ESGF) nodes (https://esgf-metagrid.cloud.dkrz.de/search).

The GFEDv5.1 data is made available by van der Werf et al. (2025) (https://zenodo.org/records/16794692). The LPJmL-SPITFIRE large
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Figure C2. Same as Figure 2 before detrending.
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Figure C3. Monthly spread of fire danger index (FDI) (left), fire carbon emissions (center) and burned area (right) of GFEDv5.1 (black,

2002-2014), LPJmL-SPITFIRE (1979-2014) reanalysis (blue) and large ensemble (gray). Data not detrended.
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Figure C4. Annual maximum values of fire danger (a), annual fire carbon emissions (b), and annual burned area across 14 GFED regions

(c) and different LPJmL-SPITIFRE simulation settings for 1979-2014 (large ensemble - gray, single-member run r1i1p1f1 - yellow, and

reanalysis - blue). Remote sensing observations are shown in black and white for comparison (2002-2014). The 14 regions follow the

GFED classification: BONA (Boreal North America), TENA (Temperate North America), CEAM (Central America), NHSA (Northern

Hemisphere South America), SHSA (Southern Hemisphere South America), EURO (Europe), MIDE (Middle East), NHAF (Northern

Hemisphere Africa), SHAF (Southern Hemisphere Africa), BOAS (Boreal Asia), CEAS (Central Asia), SEAS (Southeast Asia), EQAS

(Equatorial Asia), and AUST (Australia). All variables are linearly detrended.
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Figure C5. Interquartile range (IQR) of annual maximum values of fire danger (a), annual fire carbon emissions (b), and annual burned

area (c) across 14 GFED regions and different LPJmL-SPITIFRE simulation settings for 1979-2014 (large ensemble - gray, single-member

run r1i1p1f1 - yellow, and reanalysis - blue). Remote sensing observations are shown in black and white for comparison (2002-2014). The

14 regions follow the GFED classification: BONA (Boreal North America), TENA (Temperate North America), CEAM (Central America),

NHSA (Northern Hemisphere South America), SHSA (Southern Hemisphere South America), EURO (Europe), MIDE (Middle East), NHAF

(Northern Hemisphere Africa), SHAF (Southern Hemisphere Africa), BOAS (Boreal Asia), CEAS (Central Asia), SEAS (Southeast Asia),

EQAS (Equatorial Asia), and AUST (Australia). All variables are linearly detrended.
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Figure C6. Maximum value of fire danger index (FDI). (a) reanalysis simulation based on the reanalysis forcing. (b) single-member run

(r1i1p1f1). (c) Pooled large ensemble (r1i1p1f1 to r40i1p1f1).
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Figure C7. Maximum value of annual sums of burned area. (a) GFEDv5.1 2002-2014 (b) reanalysis simulation based on the reanalysis

forcing 1979-2014. (c) single-member run (r1i1p1f1) 1979-2014. (d) Pooled large ensemble (r1i1p1f1 to r40i1p1f1).
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Figure C8. Maximum value of annual sums of fire carbon emissions. (a) GFEDv5.1 2002-2014 (b) reanalysis simulation based on the

reanalysis forcing 1979-2014. (c) single-member run (r1i1p1f1) 1979-2014. (d) Pooled large ensemble (r1i1p1f1 to r40i1p1f1).
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