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Abstract9

Recent extreme fire seasons in Europe highlight the need to understand what10

drives this escalation and how fuel accumulation, weather variability and suppres-11

sion interact to shape it. We analyse May–October burned area across mainland12

Iberia during 2003–2025 and identify a bimodal distribution, with ordinary sea-13

sons separated from four extreme years exceeding 4,000 km2. Seasonal totals in14

these extreme years are dominated by a small number of large, spatially clus-15

tered fire events, motivating an examination of how extreme seasons emerge16

when suppression capacity is exceeded. A conceptual stochastic model combining17

fuel accumulation, weather variability and suppression reproduces this bimodal18

structure, with suppression acting as a perturbation to the balance between19

fuel accumulation and fire-driven fuel removal. Storyline simulations indicate20

that strong suppression produces low-fire seasons but allows fuel to accumulate,21

setting the stage for occasional extreme seasons when containment capacity is22

exceeded. In a scenario with doubled fuel accumulation, potentially associated23

with landscape abandonment and greater fuel continuity, the simulated frequency24

of high-fire seasons increases from 12% to 36%, while the 90th percentile of25

seasonal burned area rises from 4,684 to 10,092 km2. Stronger suppression can26

substantially reduces the frequency of high-fire seasons but has a smaller effect27

on their severity. These results indicate that fuel accumulation, reinforced by28

strong suppression practices, shapes extreme fire regimes. Fuel management and29

suppression must therefore be considered together to limit both the occurrence30

and severity of extreme fire seasons.31

Keywords: Mediterranean wildfire; burned area; large fires; fuel availability; fire32

suppression; nonlinear dynamics33
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1 Introduction34

Fire regimes across the Iberian Peninsula are marked by strong contrasts between35

relatively quiet years and exceptional seasons, with regional burned area varying by36

more than an order of magnitude and, in our 2003–2025 record, by a factor of approx-37

imately 37 between the lowest- and highest-burned-area years [1–3]. During these38

high-fire years, large and rapidly spreading fires can occur simultaneously, challenging39

suppression capacity across the region [4–7].40

Anthropogenic warming is increasing the likelihood of dangerous fire weather across41

Mediterranean Europe through more intense heat, atmospheric dryness and drought42

[2, 5, 8, 9], which increased winter and spring precipitaton increase fuel accumula-43

tion rate [10]. However, this increase has not produced widespread positive trends in44

burned area or fire emissions. Indeed, annual burned area has declined across much45

of Mediterranean Europe in recent decades, although important regional exceptions46

remain, partly reflecting changes in land use and management, prevention inter-47

ventions and improved fire suppression capacity [11–13]. Fire weather defines the48

conditions under which fire can spread, while the area that actually burns also depends49

on the biophysical and human controls that operate within those conditions.50

This distinction is particularly important for extreme seasons. A small fraction of51

very large fires accounts for a disproportionate share of total burned area in Mediter-52

ranean Europe [1, 3]. The occurrence of extreme fire events depends on the joint effects53

of fuel abundance, fuel dryness, weather, landscape connectivity and suppression54

[1, 12, 14]. When fire growth exceeds containment capacity, burned area can increase55

rapidly, while simultaneous incidents can further limit containment by competing for56

finite suppression resources [4, 6, 7].57

Unlike weather, which varies over days to seasons, fuel availability carries a memory58

of previous years. Across Mediterranean Europe, agricultural abandonment, afforesta-59

tion and a decline in grazing have transformed heterogeneous agricultural landscapes60

into more continuous areas of shrubland and forest [1, 12, 15, 16]. These changes61

increase fuel abundance and connectivity over years to decades. When drought and62

extreme fire weather dry the accumulated vegetation, a greater proportion of this63

biomass becomes available to sustain fire growth [2, 14].64

Suppression is connected to this longer-term fuel balance. Extinguishing fires65

reduces burned area, but consequently also retains vegetation that would have been66

consumed. Thus suppression without land management can lead to fuel accumulation,67

and leave a larger share of burning associated with severe conditions under which con-68

tainment is less effective [12, 17]. Fuel accumulation and suppression may therefore69

influence one another rather than acting as independent controls on fire activity.70

These interactions provide a mechanism through which distinct low- and high-fire71

seasons could emerge. In most years, fire growth may remain within the range that72

suppression can contain. Occasionally, abundant and sufficiently dry fuel may allow73

fire activity to grow faster than suppression can contain, producing a season with74

much greater burned area. Such behavior could produce a long upper tail or multiple75

peaks in the distribution of seasonal burned-area totals [18, 19]. If high-fire seasons76

also contain exceptionally large burned patches, this would indicate that they differ77
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from ordinary seasons not only in total area, but also in the spatial scale of individual78

events within the season [3].79

Here, we use May–October burned-area observations from 2003–2025 to examine80

these patterns across mainland Iberia. We first test whether high-fire seasons form a81

distinct statistical group and whether their exceptional totals arise from a few very82

large, connected burned patches. We then use a stochastic conceptual model of self-83

organised criticality to reproduce the observed inter-annual variability in Iberia and84

examine how it emerges from the feedback between fuel accumulation and suppression85

strength. Using this conceptual model, we explore how changes in fuel accumulation86

and suppression strength, individually and together, affect the frequency and magni-87

tude of extreme fire seasons. Although calibrated for Iberia, the framework may also88

apply to other regions where suppression contains most fires but occasional escaped89

fires dominate regional burned area. Together, these analyses address a central ques-90

tion of how do fuel, fire and suppression interact to generate extreme fire seasons, and91

how does the system respond when fuel accumulation, suppression strength or both92

change.93

2 Results94

2.1 Fire-season two-mode regime across mainland Iberia95

We analyze May–October burned area across mainland Iberia from 2003–2025 using96

the MODIS Collection 6.1 burned-area product (MCD64A1; [20]), aggregated from97

its native 500-m resolution to a 9-km grid [21, 22]. The product maps the spatial98

extent of burned surfaces from changes in MODIS surface reflectance, providing an99

observation of realised burned area rather than fire occurrence or activity. Satellite100

detection can be affected by cloud cover, dense vegetation, small or short-duration101

burns, and limitations in temporal sampling. We therefore also assess agreement with102

independent national burned-area statistics (Methods), which show good consistency103

with the satellite-derived estimates in terms of annual totals (Supplementary mate-104

rial). To examine the spatial organisation of burning, we group connected burned cells105

into annual patches and retain those larger than 10 km2 (Methods). These patches106

are connected components of observed burned area and do not necessarily correspond107

one-to-one with individual fire perimeters. Instead, they describe the spatial scale and108

concentration of realized burning within each season.109

Regional burned area ranges from 178 km2 in 2008 to 6,592 km2 in 2003. Seasonal110

totals separate into a lower mode containing most years and an upper mode comprising111

2003, 2005, 2017 and 2025 (Fig. 1b). These four seasons record 6,592, 4,774, 6,381112

and 6,342 km2 of burned area, respectively, and all exceed the 4,176 km2 intersection113

between the two fitted components. A two-component distribution provides a better114

description of the MODIS annual totals than a single Gaussian distribution (Methods;115

Supplementary S3 S2 and S3).116

This separation is also evident in independent EFFIS country statistics [23], which117

provide a substantially longer record for Spain and Portugal. Over the overlapping118

period, the relative ordering of seasons is broadly consistent between datasets: 2003119

and 2017 are among the years with the greatest burned area, whereas 2008 and 2018120
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Fig. 1 Annual burned area and its spatial organization across mainland Iberia, 2003–

2025. a, Connected burned-area patches larger than 10 km2. Colors distinguish patches in the largest
1% of the complete catalog, patches in the remainder of the largest 10%, and all other retained patches.
b, Distribution of annual May–October burned area calculated from all raster cells, including patches
smaller than 10 km2. Years containing at least one patch from the largest 1% of the complete catalog
are marked in red. Lines show the empirical density, the fitted two-component Gaussian mixture
and its two components. c, Percentage of each year’s total burned area contributed by the largest
1% of patches selected independently within that year. d, Same-year above-ground biomass (AGB)
anomaly collocated with each burned patch as a function of patch area. Colours follow panel a.

are among the lowest. Despite differences in spatial coverage, observation method121

and seasonal definition, the national statistics show the same broad contrast between122

predominantly low-burned-area years and a smaller number of exceptionally large fire123

seasons. Analysis of the full national record further supports the presence of this124

structure beyond the MODIS period (Supplementary Material).125

We interpret the observed distribution as an empirical two-mode structure in real-126

ized annual burned area. Given the relatively short 23-year satellite record, however,127

we do not interpret the separation as evidence of an irreversible temporal regime shift.128

The upper mode is not only characterized by large annual totals it also coincides129

with the appearance of exceptionally large connected burned-area patches. In 2005130

and 2017, the largest 1% of patches within each year account for 82% and 79% of the131

total, respectively. The corresponding contributions are 51% in 2003 and 32% in 2025132

(Fig. 1c). These four high-fire-mode seasons therefore differ in the spatial distribu-133

tion of fire activity, indicating that the distinction between high- and low-fire modes134

reflects not only the amount of burning but also its spatial concentration. This concen-135

tration of regional burned area within a small number of exceptionally large patches136
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is consistent with fire-size distributions reported elsewhere in Mediterranean Europe137

[1, 3, 24].138

A large fractional contribution from the largest patches is not, by itself, sufficient139

to place a season in the upper mode. In 2018, for example, the largest 1% of patches140

account for 66% of the annual total, but only 459 km2 burned across the study region.141

High-fire seasons therefore occur when the dominant patches are sufficiently large, or142

sufficiently numerous, to raise the regional total above the range occupied by ordinary143

years. The upper mode is associated primarily with the absolute scale of these patches144

rather than their percentage contribution alone.145

The co-occurrence of high annual totals and exceptionally large patches indicates146

a regional pattern of burning that extends beyond the spatial scale normally observed147

during lower-mode seasons. We refer to this pattern as “escaped” burning, while rec-148

ognizing that the fire clusters may connect separate fires that burn adjacent areas at149

different times and provide no direct information on the suppression of individual fires.150

Evidence from individual Iberian fires nevertheless shows that warming preferentially151

enhances the spread of the most rapidly growing fires, while simultaneous incidents152

can place additional pressure on suppression capacity [2, 6].153

We finally examine whether the largest connected patches occur in anomalous154

vegetation conditions by collocating each patch with its same-year above-ground155

biomass (AGB) anomaly (Fig. 1d) using a fuel characteristic model. The model com-156

bines satellite-derived AGB estimates from the ESA Climate Change Initiative (CCI)157

Biomass product [25] with modeled carbon fluxes informed by atmospheric CO2 inver-158

sions to represent temporal changes in vegetation biomass [26]. The largest patches159

coincide with positive AGB anomalies, indicating that the most extensive patches160

occur where above-ground vegetation is more abundant than usual. This relation-161

ship is descriptive and does not establish that greater anomalous AGB causes larger162

burned patches. AGB represents the amount of standing above-ground vegetation and163

is therefore an indicator of potential fuel abundance, rather than a direct measure-164

ment of fuel available to burn. It does not distinguish live from dead vegetation or165

describe fuel moisture. Drought and extreme fire weather determine how much of this166

biomass becomes sufficiently dry to sustain fire [2, 3, 27]. The observed association167

therefore supports a role for vegetation abundance in the largest burned patches, while168

we acknowledge that fuel dryness, fire weather and suppression are also critical factors.169

3 A fuel–fire–suppression mechanism for two170

fire-season states171

Annual burned area separates into two groups, with the most extreme seasons172

dominated by exceptionally large burned patches. This motivates a dynamical inter-173

pretation in which fire activity emerges from interactions between fuel availability,174

weather variability and suppression.175

We represent these interactions using a stochastic conceptual model with three176

state variables: fire activity (F ), available fuel (V ) and a delayed suppression response177

(R; Methods). The model belongs to the Lotka–Volterra family [28, 29] and draws on178

self-organised descriptions of fire regimes [18, 19, 30, 31].179
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a-Observed annual total BA sequence 
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Fig. 2 Observed and modeled annual burned-area distributions across mainland Iberia.

a, Observed May–October burned area from 2003–2025. The dotted line marks the empirical
4,176 km2 boundary between low- and high-fire years (Methods). b, A representative 23-year realiza-
tion of the calibrated stochastic model, illustrating the occurrence of occasional high-fire seasons. c,
Observed and modeled burned-area distributions. Lines show the estimated densities, and bars show
the percentage of years within each 500 km2 interval. d, Comparison of three distributional charac-
teristics: (d1) frequency of high-fire years, (d2) median burned area during low-fire years and (d3)
median burned area during high-fire years. Points show the observed and modeled estimates, and
horizontal lines show their 95% uncertainty intervals (Methods). Model estimates are obtained from
independent stochastic simulations using the calibrated parameter set.

Ignitions initiate fire activity in the model, but they do not determine the final180

burned area. Fire grows when sufficient fuel is available, while stochastic weather181

variability modulates its rate of spread. Suppression responds to increasing fire activity182

by removing fires from the system, with a probability of success that depends on the183

level of suppression effort and weather severity. Fires that escape suppression continue184

to consume fuel, while vegetation growth gradually replenishes the available fuel. The185

resulting burned area therefore emerges from the balance between fuel-supported fire186

growth and the capacity of suppression to contain ongoing fire activity.187
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The model represents fire activity over an idealized fraction of a regional domain188

rather than simulating individual fires explicitly. At any given time, fire activity, fuel189

availability and suppression interact dynamically, and under stable forcing the system190

tends towards a natural balance in which fire growth is offset by fuel consumption and191

suppression.192

When fire activity grows slowly enough for suppression to keep pace, this balance193

is reached at relatively low levels of burning and the seasonal total falls within the194

low-fire group. When abundant fuel and favorable weather allow fire activity to grow195

faster than suppression can respond, the system is temporarily displaced from this196

equilibrium. Burning then continues until fuel depletion and the delayed suppression197

response reduce fire activity and restore balance. These episodes generate much larger198

seasonal totals and form the extreme burnt area mode.199

The model does not predict the size of individual fires. Instead, by integrating the200

simulated fraction of the domain affected by fire over the days of a season, it provides201

an estimate of the total fraction, and, after scaling by the regional area, the total202

area—experiencing fire during that season.203

We calibrate the model against the observed burned-area distribution to test204

whether this mechanism reproduces the main statistical features of Iberian fire seasons205

(Fig. 2). The observed record contains mostly low-fire years, interrupted by four high-206

fire seasons above the empirical boundary of 4,176 km2 (Fig. 2a). A representative207

23-year model realisation shows a similar alternation between common low-fire years208

and occasional high-fire years (Fig. 2b). Across independent simulations, the model209

reproduces the overall shape and two-group structure of the observed distribution210

(Fig. 2c).211

The model also captures the frequency and characteristic magnitude of the two212

groups. High-fire years occur in 12.7% of modeled seasons, compared with 17.4% of the213

observed record. Median burned area during low-fire years is 1,326 km2 in the model214

and 1,148 km2 in the observations. During high-fire years, the corresponding medians215

are 5,597 and 6,361 km2, respectively (Fig. 2d1–d3). The model therefore reproduces216

both the predominance of relatively limited fire seasons and the occasional emergence217

of seasons with substantially greater burned area.218

3.1 Fuel accumulation amplifies extreme fire seasons219

Having established that the self-organised fire model captures the main features of220

the observed distribution, we use it to examine how fire seasons respond to changes in221

fuel accumulation and suppression. Increasing winter and spring precipitation could222

contribute to an increase in fuel accumulation in future climates, while drier, warmer223

summers can also contribute both to fuel quality in the appropriate and the fre-224

quency of sustained fire ignitions which can then grow. We do not attempt to explicitly225

model the impact of climate change on fuel availability, but instead we adopt a story-226

line approach to show how different combinations of fuel availability and suppression227

strength affect the frequency and magnitude of high-fire seasons.228

Greater fuel accumulation strongly increases both how frequent the high fire years229

can return and how large those fire years could be (Fig. 3). Fixing the suppression rate230

to the value calibrated for the contemporary period, halving fuel accumulation reduces231
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the frequency of high-fire years from 12.0% to 1.9% and lowers the outcome of the232

most intense years (90th percentile of annual burned area) from 4,684 to 2,283 km2.233

Doubling fuel accumulation increases the frequency to 36% and raises the 90th per-234

centile to 10,092 km2. When increasing the fuel accumulation rate by a factor of 4,235

58% of simulated seasons enter the high-fire group and the 90th percentile reaches236

21,566 km2 (Fig. 3a,c,d).237

The response to changes in suppression is less direct. At the present-day fuel-238

accumulation rate, 12.0% of years fall into the high-fire mode under reference239

suppression, compared with 11.3% when suppression is halved and 8.5% when it is dou-240

bled. Increasing suppression to four times the reference strength reduces this frequency241

further, to 7.1%. This relatively weak and non-linear response reflects two opposing242

processes in the model. Stronger suppression limits fire activity within individual sea-243

sons, but by preventing burning it also allows more vegetation to remain available244

as fuel in subsequent years. This effect on fuel availability is substantial: doubling245

suppression approximately doubles mean available fuel, while increasing suppression246

fourfold raises it to about 3.7 times the reference level (Fig. 3b,e).247

The interaction between suppression and fuel accumulation becomes more pro-248

nounced under high-fuel conditions. At four times the present-day fuel-accumulation249

rate, increasing suppression from its reference strength to four times that level reduces250

the frequency of high-fire years from 57.4% to 19.2%. In contrast, the magnitude of251

the most severe seasons changes much less: the 90th percentile of annual burned area252

decreases by only 9%, from 21,566 to 19,653 km2. In the model, stronger suppres-253

sion therefore substantially reduces the frequency with which high-fire seasons occur,254

but has a smaller effect on their magnitude once abundant fuel allows fire activity to255

escape containment.256

This behavior is consistent with the wildfire suppression paradox [17, 32], which257

states that suppressing fires reduces burning in the short term but retains fuel that can258

support future extreme events. In Iberia, agricultural abandonment, declining grazing259

and vegetation recovery may contribute to this longer-term accumulation. The model260

does not represent these processes separately, however, and instead combines their261

effects within a single fuel-accumulation parameter.262

To test whether the Iberian behavior is specific to the regional calibration or263

reflected a more general property of the model structure, we repeated the analy-264

sis for Greece using the same fire–fuel–suppression equations and recalibrating only265

the effective fuel-replenishment and suppression parameters. Greece provides a use-266

ful contrast because its observed annual burned-area distribution is predominantly267

single-peaked rather than showing the two-group structure identified in Iberia. Despite268

this difference, the same model framework reproduces the Greek distribution with an269

effective fuel-replenishment parameter almost identical to Iberia (G/GIberia = 1.01)270

but a lower effective suppression parameter (c/cIberia = 0.72). This contrast supports271

the interpretation that the Iberian two-group structure is not imposed by the model272

equations themselves, but emerges from the interaction between fuel replenishment273

and suppression strength (Supplementary material and Figure S3)274
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e- suppression / fuel feedback

c-Years in the high-fire season d- 90th percentile yearly BA

a- Vary fuel, same suppression b- Vary suppression, same fuel 

Observed Observed 

Fig. 3 Sensitivity of fire seasons to fuel accumulation and suppression. a, Distribution of
annual burned area under different fuel-accumulation rates and reference suppression. b, Distribution
of annual burned area under different suppression strengths and reference fuel accumulation. The
vertical dotted line in a,b marks the observed 4,176 km2 boundary between low- and high-fire years.
c, Percentage of simulated years in the high-fire group across combinations of fuel accumulation and
suppression strength. d, Corresponding 90th percentile of annual burned area. e, Mean retained fuel
with increasing suppression strength, expressed relative to the reference simulation and shown for
three fuel-accumulation rates. The star marks the calibrated Iberian reference conditions. Shaded
bands show 95% uncertainty intervals from the stochastic simulations. All multipliers are expressed
relative to the calibrated Iberian values.
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4 Discussion275

Our results suggest that extreme fire seasons in Iberia emerge from the interaction276

between fuel availability and suppression, with high-fire years associated with excep-277

tionally large, connected burned patches. The model indicates that fuel accumulation278

is a key control on the severity and frequency of these seasons, consistent with the279

broader concern that agricultural abandonment, declining grazing, forest expansion280

and reduced fire activity can increase both vegetation abundance and fuel continuity281

across Mediterranean landscapes [12, 33, 34]. Once sufficiently dry, this accumulated282

biomass can sustain fire spread over much larger areas, reinforcing the need to consider283

longer-term fuel dynamics alongside suppression.284

Suppression in Iberia has a more complex influence because it affects both current285

burning and the fuel available for subsequent seasons. In the short term, stronger sup-286

pression limits fire activity, particularly during small and moderate events. Over longer287

periods, however, vegetation that would otherwise have burned remains in the land-288

scape. In our simulations, doubling suppression approximately doubles mean available289

fuel, while a fourfold increase raises it to about 3.7 times the reference level. This290

feedback is consistent with the paradox of wildfire suppression, in which successful fire291

exclusion reduces burning immediately but can contribute to conditions that support292

more severe fires later [17, 32].293

This result does not imply that suppression is ineffective. Suppression remains294

essential for protecting lives, infrastructure and ecosystems, and the simulations show295

that it can substantially reduce the frequency of high-fire seasons. Its influence on296

their severity becomes more limited, however, when fuel is abundant. At four times the297

reference fuel accumulation, increasing suppression fourfold reduces the frequency of298

high-fire years from 57.4% to 19.2%, but lowers the 90th percentile of annual burned299

area by only about 9%, from 21,566 to 19,653 km2. Stronger suppression therefore pre-300

vents many high-fire seasons, but the fires that escape containment can still generate301

relative extreme regional totals.302

Fuel management and suppression should consequently not be treated as alterna-303

tive or independent strategies. Suppression provides immediate protection, whereas304

fuel management modifies the conditions under which future fires spread and suppres-305

sion operates. Prescribed burning, grazing, mechanical treatment and other locally306

appropriate measures can reduce fuel abundance or disrupt its continuity, potentially307

widening the range of conditions under which fires remain containable. These longer-308

term interventions should be combined with prevention, preparedness, and strong309

response capacity [1, 12]. Their appropriate balance will vary among landscapes and310

must account for ecological objectives, smoke exposure, carbon storage and operational311

constraints.312

The main contribution of this study is to connect patterns that are commonly313

examined at different scales. We relate the distribution of seasonal burned area to314

the concentration of burning in exceptionally large patches and then use a stochas-315

tic dynamical model to examine how theoretical fuel availability and suppression can316

generate this distribution. Although deliberately simple, the model reproduces the317

observed separation between ordinary and extreme seasons and allows fuel accumula-318

tion and suppression to be varied together. The simulations reveal that the processes319
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controlling the frequency of high-fire seasons are not necessarily the same as those320

controlling their magnitude. Suppression can greatly reduce how often these seasons321

occur, while accumulated fuel continues to influence the severity of those that escape322

containment, here understood as the set of mechanisms capable of extinguishing fires.323

This framework may also be useful in other regions where strong suppression keeps324

most fires small but occasional escaped fires dominate regional burned area (see more325

in supplementary information). Similar trade-offs may arise where afforestation, for-326

est expansion, vegetation recovery or other land-use changes increase biomass and327

fuel continuity. Although these processes can provide important carbon and ecological328

benefits, their consequences for fire depend on the type, moisture, spatial arrange-329

ment and management of the additional fuel [35]. Because G is an effective parameter330

representing the net rate of fuel accumulation, the model can explore sensitivity to331

such changes but cannot distinguish the contributions of climate, CO2 fertilisation or332

specific land-management practices. Recalibrating the model against regional observa-333

tions could reveal how the balance between fuel accumulation and suppression differs334

among fire regimes. Such comparisons would require independent information on vege-335

tation dynamics, fire weather, management and suppression systems before the model336

parameters could be given a direct physical or operational interpretation.337

Several limitations remain. The observational record contains only 23 fire seasons,338

although the broad separation between ordinary and exceptional years is consistently339

supported by independent country-level burned-area statistics and complementary340

diagnostics (Methods; Supplementary Material). Connected burned patches do not341

necessarily correspond to individual fire events. The model does not explicitly repre-342

sent spatial fuel patterns, individual suppression resources, changing ignition pressure343

or particular fuel-management practices. Weather variability is represented stochasti-344

cally rather than using observed or projected meteorological conditions. The storylines345

experiments should therefore be interpreted as sensitivities of the conceptual sys-346

tem, not as forecasts of particular future seasons. Within these limits, the consistency347

between the observed structure, independent metrics and modeled distributions sup-348

ports a central interpretation: extreme Iberian fire seasons become more likely when349

accumulated fuel allows fire growth to outpace suppression, and managing this risk350

requires attention to both sides of that interaction.351

5 Methods352

5.1 Data353

5.2 Burned-area observations and independent verification354

The study covers mainland Spain, Portugal and Andorra, with a total area of355

595,717 km2. We analyses May–October burned area from 2003 to 2025 using the356

MODIS Collection 6.1 burned-area product (MCD64A1; [20]), aggregated from its357

native 500-m resolution to a 9-km grid [21, 22]. Burned-area values are converted to358

square kilometers before analysis.359

The study-domain mask is constructed by intersecting the burned-area grid with360

the mainland boundaries of Spain, Portugal and Andorra. A grid cell is included when361
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its centre falls within the study domain. The resulting mask contains 12,799 cells and362

remains unchanged throughout the analysis.363

For each year, the six monthly BA fields from May to October are summed before364

any patch-size threshold is applied. Seasonal burned area is then calculated as the365

sum of all positive burned-area values within the regional mask. All six months are366

available for each of the 23 seasons, and missing cell values are retained as missing367

rather than interpreted as zero burned area.368

We assess the consistency of the raster-derived regional series against independent369

annual country statistics collected by EFFIS [23]. The national series is constructed370

by summing the reported annual burned area for Spain and Portugal. The common371

compariso period is 2003–2024, comprising 22 paired years; the MODIS series extends372

to 2025, whereas the national record used here extends from 1980 to 2024.373

The two datasets are not expected to agree in absolute magnitude. The MODIS374

analysis represents May–October burning over mainland Iberia, whereas the national375

statistics represent complete calendar years and national territories. They also differ376

in observation method, spatial definition, minimum mapped-fire size and treatment of377

land-cover classes. We therefore use the comparison to evaluate consistency in inter-378

annual variability and the relative ordering of high- and low-fire years, rather than379

equality of absolute burned-area estimates.380

Across the 22 common years, the two records are strongly correlated (Pearson381

r = 0.979; Spearman r = 0.967). The national totals are, on average, higher than382

the raster estimates, with a mean difference of 434 km2 and an aggregate national-to-383

raster ratio of 1.22. These systematic differences are consistent with the contrasting384

seasonal and geographical definitions of the two datasets and are not interpreted as385

measurement bias. Full agreement statistics and bootstrap confidence intervals are386

reported in Supplementary material.387

5.3 Identification and robustness of the two-component388

structure in seasonal burned area389

We characterize the distribution of annual burned area using Gaussian mixture mod-390

els fitted to the seasonal totals in raw km2. One- and two-component Gaussian models391

are fitted using identical preprocessing and compared using the Akaike and Bayesian392

information criteria (AIC and BIC). Positive values of ∆AIC and ∆BIC, defined as393

the information criterion of the single-Gaussian model minus that of the two-Gaussian394

model, therefore favor the two-component representation. For the two-component395

model, we additionally verify that the fitted probability density contains two dis-396

tinct maxima and calculate the intersection between the component densities as a397

descriptive boundary between lower- and upper-component seasons.398

The analysis is first applied independently to the MODIS and national records399

over their common 2003–2024 period, and is then repeated using the complete MODIS400

record (2003–2025) and the full national record (1980–2024). This design tests whether401

the inferred distributional structure depends on a particular observational product or402

period. Classification agreement between the two sources is evaluated only over their403

common years, with each source using parameters estimated from its own distribution;404

the MODIS-derived threshold is not imposed on the national statistics.405
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Normality is assessed separately using the Shapiro–Wilk, D’Agostino K2, Jarque–406

Bera and Anderson–Darling tests. These tests are used only to assess the adequacy of407

a Gaussian description and are not interpreted as tests of unimodality. Because the408

observational records are short and extreme years can strongly affect mixture-model409

fitting, robustness is further assessed using contiguous 22-year windows of the national410

record, random subsamples of equivalent length, component effective sample sizes and411

alternative single-peaked distributions.412

These analyses distinguish evidence for a reproducible two-component representa-413

tion from stronger claims of statistically unique bimodality. Accordingly, throughout414

the study we refer to an empirical two-mode or two-group structure. Full distributional415

diagnostics and sensitivity tests are reported in the Supplementary Material.416

5.3.1 Connected burned-area patches417

We use connected components to characterize the spatial organization of burning418

within each season. Positive cells in the accumulated May–October raster are grouped419

using eight-neighbor connectivity, which treats cells sharing either an edge or a corner420

as connected. Patch area is calculated as the sum of the burned-area values of all cells421

belonging to the same component. We retain patches with an area of at least 10 km2.422

These components describe contiguous areas of observed burning within the accu-423

mulated seasonal raster. They are not interpreted as individual fire perimeters because424

adjacent areas burned by separate fires, or during different months, can form a single425

annual patch.426

For Fig. 1a,d, we rank all retained patches from 2003–2025 together and identify427

the largest 10% and 1% of the complete catalogue. For Fig. 1c, patches are ranked inde-428

pendently within each year. If a year contains Ny retained patches, we sum the areas429

of the largest ⌈0.01Ny⌉ patches and divide this sum by the total raster-derived burned430

area for that year. The denominator includes all observed burned area, including431

burning belonging to patches smaller than 10 km2.432

5.3.2 Above-ground biomass433

We use annual above-ground biomass (AGB) from [26] at a spatial resolution of434

9 km. The data combines satellite-derived AGB estimates from the ESA Climate435

Change Initiative (CCI) Biomass product [25] with modelled carbon fluxes informed436

by atmospheric CO2 inversions to represent temporal changes in vegetation biomass437

[26]. AGB is converted from kg m−2 to Mg ha−1 where required and collocated with438

the burned-area grid using bilinear interpolation.439

For each year and grid cell, we calculate an AGB anomaly relative to that cell’s440

temporal mean and standard deviation over the whole 2003-2025 period:441

Zi,y =
AGBi,y −AGB ∗ i

σ ∗AGB, i
, (1)

where Zi,y is the standardized anomaly in cell i and year y. The anomaly therefore442

describes whether the amount of standing vegetation in a cell is greater or smaller443

than usual for that location.444
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Patch-level anomalies are calculated as the area-weighted mean of the cell anoma-445

lies belonging to each 10% of its area has valid AGB observations. Missing values are446

otherwise excluded from the patch mean.447

We compare AGB anomalies among the largest 1% of patches, the remainder of the448

largest 10%, and all other retained patches, and examine the association between AGB449

anomaly and patch area. Because AGB measures standing above-ground vegetation450

rather than directly burnable fuel, this analysis is interpreted as a descriptive test of451

the association between patch size and vegetation abundance, rather than as evidence452

that high AGB alone causes extensive burning.453

5.4 Modeling454

5.4.1 Fuel–fire–suppression model455

We use a stochastic Lotka–Volterra-type model [28, 29] to represent interactions among456

fire activity, available fuel and suppression. The model contains three normalized state457

variables: the instantaneous burned-area rate (F ), available fuel (V ) and suppression458

response (R). It is intended as a minimal representation of their interactions rather459

than a reconstruction of individual fires or firefighting operations. At each time step,460

the model represents the fraction of a hypothetical domain that is actively burning, the461

fraction of vegetation that remains available as fuel, and the corresponding suppres-462

sion response. Fire activity can be amplified by stochastic weather variability, which463

is treated as an external forcing, and reduced by suppression, whose strength is pre-464

scribed as a controllable model parameter. Integrating the burned-area rate through465

time gives the total fraction of the domain burned over the simulated season, which466

is then converted to regional burned area.467

The burned-area rate evolves according to468

dF

dt
= w̃(t)V F (1− F ) + I(t)− cR, (2)

where w̃(t) represents stochastic weather variability, I(t) represents ignition forcing469

and c controls suppression strength. The interaction V F allows existing fire activity470

to grow when fuel is available, while (1 − F ) limits this growth as F approaches its471

normalized upper bound.472

Weather variability follows an Ornstein–Uhlenbeck process with a decorrelation473

timescale of 2.5 days. The Gaussian process is transformed through its cumulative474

distribution function to a Weibull distribution with shape parameter 2 and unit mean475

[36–38]. This produces persistent, positively skewed fluctuations in the environmental476

conditions affecting fire growth. Because the stochastic forcing varies around a unit477

mean, weather can act in either direction: values above the mean represent periods478

favorable to fire growth, whereas values below the mean represent less favorable condi-479

tions that constrain fire activity. The weather term should therefore not be interpreted480

as a particular meteorological index, but as a conceptual representation of short-481

timescale variability in the combined atmospheric conditions influencing fire spread482

and intensity. Unlike fuel accumulation and suppression strength, which are varied483
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systematically in the experiments, the weather sequence is treated as an external484

stochastic forcing over which the model has no control.485

Ignition opportunities occur independently at a constant mean probability of 0.003486

per day. When an ignition occurs and F < 0.05, a forcing of 10−4 is applied for one487

integration step. Ignition probability and magnitude remain constant during calibra-488

tion and all scenario experiments. The model therefore isolates changes arising from489

fuel replenishment and suppression rather than changes in ignition pressure.490

Suppression responds to established fire activity with a finite delay:491

dR

dt
= ρ[F − I(t)−R] (3)

where ρ controls the rate at which suppression approaches fire activity after exclud-492

ing the instantaneous ignition forcing. We set ρ = 1 day−1, corresponding to a493

characteristic response timescale of one day. Here, suppression is represented concep-494

tually as the capacity to remove active fire from the system once burning is established.495

It therefore encompasses any process that contributes to extinguishing or containing496

fire, rather than representing a specific firefighting resource or operational strategy.497

Suppression strength is treated as a controllable model parameter, in contrast to498

the stochastic weather forcing, which acts externally on fire growth. As fire activity499

increases, the suppression response strengthens, but because the response is delayed500

it may fail to keep pace when fire growth becomes sufficiently rapid.501

Available fuel evolves according to502

dV

dt
= G(1− V )− βF (4)

where G controls fuel replenishment and β controls consumption by fire. We set503

β = 0.3. The normalized variable V represents the combined influence of fuel abun-504

dance, continuity and availability. In real landscapes, these properties can be modified505

by multiple processes, including vegetation growth and mortality, drought and fuel506

drying, land-use and vegetation change, previous fire activity and fuel-management507

practices. The conceptual model does not distinguish among these individual mech-508

anisms; rather, they are represented collectively through changes in fuel availability509

and replenishment. Its purpose is therefore not to attribute changes in burned area to510

a specific fuel process, but to examine how changes in the overall fuel state interact511

with fire activity and suppression to determine regional burned area.512

For small F , negligible instantaneous ignition and a suppression response close to513

R ≈ F , the growth condition can be approximated by514

w̃(t)V < c (5)

Fire activity tends to decline under this condition. When w̃(t)V exceeds c, activity515

can grow faster than suppression responds until fuel consumption and the delayed516

response restore control. This inequality is used only to interpret the model mechanism517

and is not imposed as an explicit threshold during integration.518
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We integrate Eqs. 2–4 using a fourth-order Runge–Kutta scheme with a time step519

of 0.05 days. After each integration step, F and R are constrained to remain non-520

negative and V is constrained to lie between zero and one. Simulations begin from521

F = 0, V = 0.2 and R = 0.522

Each 365-day model interval represents one complete fire-system cycle rather than523

a reconstruction of a particular calendar year. The full-year integration allows fuel524

replenishment, fire activity and suppression to evolve continuously across succes-525

sive cycles, including periods outside the observed May–October fire season. This is526

important because the model is designed to represent interannual fuel carry-over and527

feedbacks between burning, vegetation availability and suppression; restricting the528

model itself to the observational season would interrupt these dynamics.529

Weather forcing is stochastic, so an individual simulation represents only one pos-530

sible realization of the fire system for a given combination of fuel and suppression531

parameters. We therefore perform a large ensemble of independent realizations for532

each parameter combination and analyse the resulting distribution of annual burned-533

area outcomes. The ensemble is used to characterize not only the central tendency of534

the system, but also the frequency and magnitude of rare high-fire seasons.535

The modelled burned-area fraction in cycle y is calculated as536

by =

∫

y

F (t) dt (6)

where F is interpreted as the instantaneous fraction of the study domain burned537

per day. Modeled burned area is then538

By = byAIberia, (7)

where AIberia = 595, 717 km2.539

For each parameter combination, we summarize the simulated distribution using540

two complementary diagnostics. The fraction of simulated cycles assigned to the high-541

fire mode quantifies how frequently extreme seasons occur, whereas the 90th percentile542

of annual burned area quantifies the magnitude of the upper tail. The 90th percentile543

is the burned-area value exceeded by only 10% of simulated cycles and is therefore544

used here as a measure of the scale of the most severe seasons generated by the model.545

The observational record is restricted to May–October, while the model is inte-546

grated over complete 365-day cycles. The two are therefore compared at the level of547

their burned-area distributions rather than as matched calendar periods or year-by-548

year reconstructions. The 365-day model cycle should be interpreted as the natural549

integration period of the conceptual system, whereas the May–October observa-550

tional window defines the empirical distribution against which the model behaviour is551

evaluated.552

5.4.2 Model calibration and evaluation553

We calibrate fuel replenishment (G) and suppression strength (c) jointly against the554

complete observed distribution of Iberian seasonal burned-area fractions. The search555

is conducted in logarithmic parameter space over556
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G ∈ [3.525× 10−7, 1.128× 10−5] (8)

and557

c ∈ [0.00575, 0.092]. (9)

These bounds span 0.25–8 times the initial reference value of G = 1.41 × 10−6
558

and 0.25–4 times the initial reference value of c = 0.023. They were chosen to explore559

a broad range of fuel-replenishment and suppression regimes around the parameter560

values used during model development while avoiding parameter values approaching561

zero. All remaining model parameters are held fixed.562

We use differential evolution as implemented in563

scipy.optimize.differential evolution, with a population-size multiplier of564

six and a maximum of 32 iterations. The optimisation is performed with a relative565

convergence tolerance of 0.005, an absolute tolerance of 0.001, no final polishing step,566

and a fixed optimiser random seed of 701. The mutation range and recombination567

coefficient are left at their SciPy defaults, (0.5, 1.0) and 0.7, respectively. The search568

is initialised at569

G = 1.4114× 10−6, c = 0.02315.

Each proposed parameter pair is evaluated using two independent stochastic simula-570

tions with seeds 42 and 2026. Each simulation contains 1,000 model years, of which571

the first 500 are discarded as spin-up, leaving 500 retained years per realization.572

Agreement between the observed and simulated distributions is measured using573

the first-order Wasserstein distance in linear burned-area-fraction space:574

J(G, c) =
W1(bobs, bsim(G, c))

bobs
, (10)

where bobs is the observed distribution of annual burned-area fractions, bsim(G, c)575

is the simulated distribution for a given parameter pair, and bobs is the mean observed576

burned-area fraction. The objective is calculated separately for the two stochastic577

realizations and their normalized Wasserstein distances are then averaged. A single578

parameter pair is therefore calibrated against the complete observed distribution; the579

low- and high-fire groups are not fitted separately.580

The optimisation gives581

G0 = 3.1282× 10−6, c0 = 0.04324. (11)

We evaluate this parameter pair using four additional stochastic seeds (111, 222,582

333 and 444) that are not used during calibration. Each evaluation contains 2,000583

model years, of which the first 500 are discarded as spin-up, providing 6,000 retained584

annual values in total. Model performance is summarized by the percentage of retained585

years above the observed 4,176 km2 boundary and by the median burned areas below586

and above that boundary.587

Finite-simulation uncertainty is estimated using 300 circular moving-block boot-588

strap samples with a block length of 20 model years. Blocks are sampled with589

replacement to produce a resample equal in length to the simulated series, and 95%590

intervals are defined by the 2.5th and 97.5th percentiles. These intervals describe591
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stochastic sampling uncertainty conditional on the calibrated values (G0, c0). They do592

not include uncertainty in the calibrated parameters or uncertainty arising from the593

limited observational record.594

5.4.3 Fuel-accumulation and suppression experiments595

Starting from the calibrated reference values (G0, c0), we vary fuel replenishment and596

suppression strength factorially by597

0.25, ; 0.5, ; 1, ; 1.5, ; 2, ; 3 and 4 (12)

times their respective reference values. Stochastic weather characteristics, ignition598

probability, ignition magnitude, suppression-response time, fuel consumption and all599

other model parameters remain unchanged.600

For each combination, we run two independent simulations of 3,000 model years601

and discard the first 1,500 years of each simulation as spin-up. We combine the retained602

values and calculate the distribution of annual burned area, the percentage of model603

years above the observed 4,176 km2 boundary, the 90th percentile of annual burned604

area and mean retained fuel. Mean retained fuel is calculated as the temporal mean605

of V and expressed relative to the value obtained under (G0, c0).606

Uncertainty is estimated using 300 circular moving-block bootstrap samples with607

a block length of 20 model years. These intervals represent stochastic variability con-608

ditional on each parameter combination and do not include uncertainty in G0 or609

c0.610

The experiments describe the sensitivity of the conceptual system to theoreti-611

cal changes in fuel replenishment and suppression. They are not dated projections.612

Translating climatic change, agricultural abandonment, vegetation management or613

operational suppression policies into particular changes in G and c would require614

additional observations or external models.615
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[24] Garćıa-Llamas, P., Suárez-Seoane, S., Taboada, A., Fernández-Manso, A., Quin-722
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Table S1 Gaussian mixture
comparison for annual total burned
area across mainland Iberia,
2003–2025. Lower values indicate the
preferred model.

Model AIC BIC

One Gaussian 418.54 420.81
Two Gaussians 409.64 415.32

Table S2 Tests of Gaussianity for annual total burned area.
Anderson–Darling is reported as a decision at 5% because the
workflow returns critical values.

Test Statistic p value Gaussian at α = 0.05

Shapiro–Wilk 0.823 0.00092 No
D’Agostino K2 6.479 0.03918 No
Jarque–Bera 5.180 0.07502 Yes
Anderson–Darling 1.477 — No

Independent evidence for the emergence of a774

two-mode fire season in Iberia775

The MODIS burned-area record used in the main analysis covers only 2003–2025. We776

therefore use the longer national burned-area statistics for Spain and Portugal to test777

two aspects of the observational result: first, whether the MODIS record reproduces the778

interannual variability observed in an independent dataset; and second, whether the779

separation between ordinary and high-fire seasons is also present when a substantially780

longer period is considered.781

The MODIS and EFFIS national datasets [23] differ in their spatial and tempo-782

ral definitions. MODIS totals represent May–October burning over mainland Iberia,783

whereas the national statistics represent January–December totals for Spain and784

Portugal. Their absolute burned areas are therefore not expected to be identical. Nev-785

ertheless, over their common 2003–2024 period, the two records show very similar786

interannual variability (Fig. S1). Pearson correlation is r = 0.979 and Spearman rank787

correlation is r = 0.967, showing that years with relatively high or low burned area788

are consistently identified by the two datasets.789

National totals are on average higher than the MODIS estimates, with an aggre-790

gate national-to-MODIS ratio of 1.22, consistent with differences in seasonal coverage,791

geographical domain and observation method. The close agreement in year-to-year792

variability provides an independent verification that the ordering of fire seasons793

identified from MODIS is robust.794

The discrepancies in 2019, 2021 and especially 2023 are consistent with sub-795

stantial burning outside the May–October observation window. In 2007, off-season796

burning contributes to the difference, but the inclusion of the Canary Islands in the797
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Fig. S1 Agreement between MODIS and independent national burned-area statistics.

Comparison of annual burned area from the MODIS-based mainland Iberian record and the com-
bined Spain–Portugal national statistics over their common 2003–2024 period. Despite differences in
spatial coverage, seasonal definition and observation method, the two records exhibit closely match-
ing interannual variability (Pearson r = 0.979; Spearman r = 0.967).

Spanish national statistics is also particularly important. We next repeated the dis-798

tributional analysis independently for the two datasets. Over the common 2003–2024799

period, fitting a two-component Gaussian mixture produces two density maxima in800

both the MODIS and national records (Fig. S2). Relative to a single Gaussian, the801

two-component representation is favoured for the MODIS record (∆AIC = 6.60,802

∆BIC = 3.33) and for the national statistics (∆AIC = 8.48, ∆BIC = 5.20). Impor-803

tantly, the same behaviour persists when the complete records are considered. For804

MODIS over 2003–2025, ∆AIC = 8.90 and ∆BIC = 5.49, while for the 45-year805

national record over 1980-2024 the corresponding values are 11.20 and 5.78. In all four806

fits, the fitted two-component density contains two local maxima. Thus, the separa-807

tion identified in the MODIS record is reproduced by an independent observational808

record and is retained when the national time series is extended back to 1980.809

The longer national record further allows us to examine when this distributional810

structure becomes apparent. Applying the same analysis to successive portions of the811

national time series shows that the separation between a dominant lower-burned-area812

group and a smaller group of high-burned-area seasons becomes increasingly evident813

from the 1990s onward (Fig. S3). The earlier 1980–2002 period provides substantially814

weaker evidence for two components (∆AIC = 3.73, ∆BIC = 0.33), whereas the com-815

plete 1980–2024 record shows a clearer separation (∆AIC = 11.20, ∆BIC = 5.78).816
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Table S3 Iberian burned-area totals
derived from MODIS and reported by
EFFIS for 2003–2024. MODIS values
represent May–October totals over
mainland Iberia, whereas EFFIS values
represent full-year national totals for
Portugal and Spain combined. All values
are rounded to the nearest km2.

Year MODIS (km2) EFFIS (km2)

2003 6,592 6,199
2004 2,843 2,856
2005 4,774 5,354
2006 1,951 2,391
2007 606 1,225
2008 178 702
2009 1,215 2,122
2010 1,708 1,957
2011 1,148 1,793
2012 2,263 3,441
2013 2,440 2,194
2014 254 695
2015 1,040 1,704
2016 2,206 2,336
2017 6,381 7,182
2018 459 697
2019 567 1,260
2020 1,027 1,331
2021 714 1,162
2022 3,668 3,780
2023 324 1,236
2024 1,559 1,854

The longer record therefore suggests that the two-group structure evident during the817

MODIS era was not equally pronounced throughout the entire observational period,818

but became more apparent during the later decades.819

Additional statistical diagnostics support a departure from a simple Gaussian820

description of annual burned area, although they do not uniquely establish bimodality.821

Normality is rejected by most tests for both the MODIS and full national records, and822

fitting the same two-Gaussian representation across different record lengths produces823

a consistent high-fire/low-fire separation. However, alternative skewed single-peaked824

distributions can also provide competitive descriptions of these relatively short and825

strongly skewed records. We therefore interpret these analyses as evidence for a826

reproducible empirical two-group structure rather than as proof that the underlying827

burned-area distribution must be strictly bimodal.828

Taken together, the three analyses provide complementary evidence for the obser-829

vational framework used in the main text. MODIS reproduces the interannual ordering830

of an independent national record, the same two-component representation is recov-831

ered independently in both datasets, and the longer national record indicates that the832
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Fig. S2 Reproducibility of the two-component burned-area structure. Probability-density
estimates and two-component Gaussian mixture fits for (a) MODIS over the common 2003–2024
period, (b) national Spain–Portugal statistics over the same period, (c) the complete MODIS record
for 2003–2025, and (d) the complete national record for 1980–2024. Reported ∆AIC and ∆BIC values
are relative to a single-Gaussian fit, such that positive values favour the two-component representa-
tion. Two maxima are present in each fitted mixture.

separation associated with recent high-fire seasons became more apparent during the833

later decades of the record.834

5.5 Structural portability of the fire–fuel–suppression model835

to Greece836

To test whether the annual burned-area behaviour reproduced for Iberia was specific837

to the regional calibration, or instead reflected a more general property of the model838

structure, we repeated the analysis for Greece using the same stochastic fire–fuel–839

suppression equations. Greece provides a useful contrast because its observed annual840

burned-area distribution is predominantly single-peaked rather than displaying the841

two-group structure identified in Iberia.842

Annual burned area for Greece was calculated from the same MODIS Collection843

6.1 burned-area product used in the Iberian analysis and aggregated over the full844

calendar year for 2003–2025. The Greek record is strongly skewed by a small number845

of large fire seasons, but the fitted two-component Gaussian mixture contains only846

one local density maximum (Fig. SXXb). We therefore interpret the observed Greek847

distribution as predominantly single-peaked, rather than as evidence of a distinct low-848

and high-fire structure.849
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Fig. S3 Emergence of the high-fire component in the national record. Evolution of the
fitted burned-area distribution through the longer Spain–Portugal national record. The early part of
the record shows relatively weak separation between components, whereas a distinct high-burned-area
group becomes increasingly apparent from the 1990s onward and persists through the recent period.
The analysis is intended to identify when the empirical separation emerges in the record rather than
to diagnose a discrete dynamical regime shift.

The model formulation was kept unchanged from the Iberian experiment. The850

ignition probability and magnitude, stochastic weather process, fuel-consumption coef-851

ficient, suppression-response timescale and numerical integration were all retained.852

Only the effective fuel-replenishment parameter, G, and the effective suppression853

parameter, c, were recalibrated against the observed Greek annual burned-area854

distribution.855

Calibration minimized the first-order Wasserstein distance between observed and856

simulated annual burned-area fractions. To reduce sensitivity to individual stochas-857

tic realizations, the same independent weather and ignition realizations were used858

for all candidate parameter combinations during calibration. A differential-evolution859

search was used to identify the broad optimum, followed by a local grid refinement.860

Final evaluation used independent stochastic realizations that were not included in861

calibration.862

The optimal Greek calibration was863

GGreece = 3.17× 10−6, cGreece = 0.0312,

compared with the Iberian reference values864

GIberia = 3.13× 10−6, cIberia = 0.04324.

This corresponds to865

GGreece

GIberia

= 1.01,
cGreece

cIberia
= 0.72.

The fitted effective fuel-replenishment parameter is therefore essentially unchanged866

between the two regions, whereas the fitted effective suppression parameter is approx-867

imately 28% lower in Greece. These quantities should be interpreted as effective868

parameters of the conceptual model rather than as direct measurements of vegetation869

productivity or firefighting capacity.870
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Fig. S4 Structural portability of the fire–fuel–suppression model to Greece. a, Annual
burned area in Greece during 2003–2025. b, Observed annual burned-area distribution. Although a
two-component Gaussian mixture provides a flexible representation of the skewed distribution, the
fitted density contains only one local maximum. c, Empirical cumulative distributions of observed
Greek annual burned area and independent simulations using the Greece-specific calibration. d,
Calibrated Greek parameters relative to the Iberian reference. The effective fuel-replenishment param-
eter is nearly unchanged (G/GIberia = 1.01), whereas the effective suppression parameter is lower
(c/cIberia = 0.72). Under these conditions the same model equations reproduce a predominantly
single-peaked annual burned-area distribution rather than the two-group structure found for Iberia.

Independent simulations using the Greece-specific calibration reproduce the broad871

observed annual burned-area distribution. In particular, the empirical cumulative dis-872

tribution of simulated burned area closely follows the observed distribution across873

most of its range (Fig. S4). At the same time, the fitted Greek distribution remains874

predominantly single-peaked, in contrast with the two-group behaviour reproduced875

for Iberia.876

This comparison provides a test of the structural portability of the model. The877

same equations can reproduce qualitatively different annual burned-area regimes after878

adjustment of only two effective process parameters. The contrast between Greece879

and Iberia is particularly informative because the fitted fuel-replenishment parameters880

are nearly identical, whereas the effective suppression parameter differs substantially.881

Within the model, lower suppression allows fire to remove available fuel more fre-882

quently, reducing fuel retention and preventing the separation between low-fire and883

high-fire years that develops under the Iberian calibration. The Iberian two-group884
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structure is therefore not imposed by the model formulation, but emerges from the885

balance between fuel replenishment and suppression.886

This experiment should not be interpreted as demonstrating parameter universality887

or as a predictive model for Greece. Rather, it shows that the same minimal dynamical888

framework can accommodate different regional fire regimes through changes in effective889

process strengths.890
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