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Abstract

Background Wildfire activity in the Southeastern United States is shaped by unique ecological and climatic condi-
tions that differ markedly from those in other regions of the country. Despite increasing recognition of fire's ecological
importance and rising risks under climate change, regional-scale projections of wildfire behavior in the Southeast
remain limited. In this study, we applied the Large Fire Simulator (FSim), a stochastic, spatially explicit fire behavior
model, to simulate ignition, spread, suppression, and containment of wildfires within a Florida flatwoods pyrome
under both historical and mid-century future climate scenarios. Simulations were driven by fire weather data from 9
downscaled Global Climate Models (GCMs). We evaluated burn probability, fire size, and the number of large fires,
and identified key meteorological factors influencing fire dynamics.

Results Simulation results showed substantial variation in projected burn probability across GCMs, with the major-
ity indicating an overall increase. Stepwise regression analysis identified the number of extreme burn days (days
when Energy Release Component (ERC) for fuel model G is above the 97th percentile of historical ERC) and the aver-
age length of burn blocks (consecutive days when ERC is above the 80th percentile of historical ERC) as the strong-
est predictors of both region-level burn probability and total area burned. Additionally, the number of burn days
and extreme burn days (days when ERC is above the 80th percentile and 97th percentile of historical ERC, respec-
tively) were significantly associated with the number of large fires. Relative humidity and precipitation, rather

than temperature alone, emerged as the primary climatic factors that account for fire-conducive conditions. To
simplify the interpretation of fire danger, we introduced a “dry day” metric based on thresholds of relative humidity
and precipitation, which demonstrated strong predictive power for burn probability in this humid, fuel-rich region.

Conclusions This study found that the number of dry days is the critical factor that accounts for wildfire activ-
ity in this region. Our results highlight the importance of incorporating uncertainties in future dry-day projections
when developing long-term strategies for wildfire management and adaptation under changing climate conditions.

Keywords FSim, Climate change, Flatwoods, Wildfire modeling, Burn probability, Southeast US, Florida, Global
Climate Models

Resumen

Antecedentes La actividad de los incendios de vegetacién en el sudeste de los EEUU estda modelada por condi-
ciones ecoldgicas y climaticas Unicas, que difieren marcadamente de aquellas que ocurren en otras regiones del pafs.
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A pesar del incremento en el reconocimiento sobre la importancia ecoldgica y el aumento de los riesgos debidos al
cambio climético, las proyecciones a escala regional sobre el comportamiento del fuego en el sudeste de EEUU con-
tindan siendo limitadas. En este estudio, aplicamos el simulador de grandes incendios (Large Fire Simulator, o FSim),
que es un modelo de comportamiento estocastico, espacialmente explicito, para simular la ignicién, la propagacion,
la supresion, y el confinamiento del fuego dentro del drea proclive al fuego en los bosques planos de Florida (Florida
Flatwoods), tanto bajo escenarios de condiciones climaticas histéricas como del cambio climético pronosticado

a futuro (mediados de este siglo). Las simulaciones fueron corridas mediante el uso de datos meteoroldgicos tomados
de 9 Modelos Climaticos Globales (GCMs) reducidos en escala (downscaled). Evaluamos la probabilidad de quema,

el tamafo de los incendios, y el nimero de grandes incendios, e identificamos factores meteoroldgicos clave, que

tienen influencia en la dindmica de incendios.

Resultados Los resultados de las simulaciones mostraron una gran variaciéon en la probabilidad proyectada de
quema por medio de los GCMs, con la mayoria de ellos indicando un incremento general en las quemas. El andlisis de
regresion paso a paso identificd el nimero de dias con fuegos o quemas extremas (que son los dias en los cuales el
Componente de liberacion de Energia (ERC), para el modelo de combustible G estuvo por encima del percentil 97 del
ERC histdrico), y la longitud promedio de los bloques quemados (dfas consecutivos en los cuales el ERC estuvo por
encima del percentil 80 del ERC histérico), como el predictor mas fuerte, tanto de la probabilidad de quema a nivel
regional como del drea total quemada. Adicionalmente, el nimero de dias con fuegos y los dias de fuegos extremos
(los dias en los cuales el ERC estéd por encima del percentil 80 y del percentil 97 en relacién al ERC histérico, respec-
tivamente), estuvieron asociados significativamente con el nimero de grandes incendios. La humedad relativa y la
precipitacion, mas que la temperatura sola, emergieron como los factores climaticos primarios que favorecieron el
desarrollo de los fuegos. Para simplificar la interpretacion del peligro de incendio, introdujimos una métrica basada en
el"dfa seco’, basada en los limites de humedad relativa y precipitacion, las que demostraron un poder predictivo muy
fuerte para detectar la probabilidad de incendios en esta regién humeda y rica en combustibles vegetales.

Conclusiones Este estudio encontré que el nimero de “dias secos”es el factor critico a tener en cuenta para el
desarrollo de incendios en esta region. Nuestros resultados subrayan la importancia de incorporar incertidumbres en
proyecciones de futuros “dias secos” cuando se desarrollan estrategias a largo plazo para el manejo de incendios de
vegetacion y adaptaciones bajo condiciones climaticas cambiantes.

Background

Wildfires have profound effects on the Southeast U.S., a
humid subtropical region characterized by its extensive
human-altered landscapes, biological diversity, complex
land use patterns, and diverse ownership patterns. As in
other regions, wildfires impose direct and sometimes cat-
astrophic impacts on ecosystems (Stevens-Rumann and
Morgan 2016) and the environment (Knorr et al. 2017;
Brey et al. 2018), threaten human safety and health (Bow-
man and Johnston 2005; Paveglio et al. 2008; Shankar
et al. 2018; Zhang et al. 2023), and cause tremendous
economic loss (Duffield et al. 2013; Bayham et al. 2022).
However, wildfire also plays an essential role in maintain-
ing native biodiversity and ecosystem functions and pro-
cesses in this region (Barnett 1999; Mitchell et al. 2014).
Historically, the Southeast supported some of the most
frequent fire return intervals in North America, shaped
by both lightning ignitions and extensive Indigenous cul-
tural burning. Fire-history reconstructions indicate that
much of the region burned every 1 to 3 years prior to
Euro-American settlement, reflecting a fire regime sus-
tained by warm temperatures, abundant fuels, and per-
sistent human ignitions (Guyette et al. 2012). This deep

history of frequent fire underscores its foundational role
in structuring the ecosystems of the Southeast.

While the analyses of historical fires suggest the
increasing trend of large fires in the Southeast (Dono-
van et al. 2023), the risk of wildfires in the Southeast is
often perceived to be lower than in the Western US,
possibly due to the larger and more destructive wild-
fires and associated economic losses that occur in the
West. However, the wildfire risk in the Southeast is sig-
nificantly higher than the common perception. Accord-
ing to the annual report from the National Interagency
Coordination Center, 31% of large fires (>100 acres in
timber or >300 acres in grass or brush) in 2024 occurred
in the Southeast, more than in any other comparable
region (National Interagency Coordination Center 2024).
When wildfire risk is understood as a function of hazard,
exposure, and vulnerability rather than hazard alone, the
Southeast emerges as a region of particular concern. In
Florida, for example, Wildland—Urban Interface (WUI)
area expanded from approximately 17,732 to 24,722 km?
between 1990 and 2020, an increase of nearly 40% as
development pushed further into fire-prone landscapes
(Radeloff et al. 2018; Wildland—Urban Interface (WUI)
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change by SILVIS Lab (n.d.)). At the same time, many of
the most fire-prone areas in the Southeast overlap with
some of the poorest and most socially vulnerable rural
communities, amplifying potential impacts when wild-
fires occur (Gaither et al. 2011).

Climate change has further complicated the effects of
wildfire in the ecosystems of the Southeast and imposed
significant challenges of fire management due to the
high biodiversity and accelerated human activities in
this region, highlighting the urgent need for strategic
planning and proactive measures to mitigate associated
risks (Kupfer et al. 2022; Nepal et al. 2023). National-
and regional-scale studies on climate change effects on
wildfire risk suggest projected longer potential fire sea-
sons (Liu et al. 2013; Brown et al. 2021), greater poten-
tial for very large fires (Barbero et al. 2015), increasing
burn probability (Gao et al. 2021), and larger burned
area (Prestemon et al. 2016) in the Southeast. Moreo-
ver, a warming climate is projected to reduce opportu-
nities for prescribed burning, an essential tool that has
been used more extensively in the Southeast than in
any other region of the USA to reduce fuels and main-
tain fire-adapted ecosystems (Kupfer et al. 2020). When
prescribed burning becomes insufficient, fuels can accu-
mulate rapidly. Combined with increasing aridity, these
elevated fuel loads can raise the probability of larger and
more intense wildfires. Although many southeastern eco-
systems are highly fire-adapted, the growing concern is
the heightened risk these wildfires pose to human health
and properties and ecosystem services, including carbon
stock and water quality (Gaither et al. 2011; Shankar et al.
2018; Hoffman et al. 2023; Pomara et al. 2025).

Statistical analyses and modeling based on the relation-
ships between drought or fire indices and fire activities
have been widely used to assess changes in fire potential
under a warming climate. For example, Liu et al. (2013)
examined future wildfire potential trends across the con-
tinental US and found that fire potential measured by
the Keetch-Byram Drought Index (KBDI) is projected to
increase throughout all four seasons in the Southeast due
to rising temperatures. Prestemon et al. (2016) developed
a statistical model to project area burned from 2011 to
2060 in the Southeast, incorporating fire-relevant mete-
orological variables summarized by month, forest land
use, and demographic factors. Their model projected
increases in both the annual area burned and the total
number of wildfires. These statistical approaches are
effective at identifying broad trends in fire potential and
activity at aggregated temporal (e.g., monthly (Prestemon
et al. 2016) or seasonal (Liu et al. 2013)) and spatial scales
(e.g., regional, state, or ecoregional level (Prestemon et al.
2016)). However, such aggregations could mask finer-
scale variability or worse misconstrue trends due to the
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importance of daily weather conditions in driving the
ignition and spread of large fires. The choice of temporal
and spatial aggregation methods requires careful consid-
eration, and there is ongoing debate about which factors
most accurately reflect fire danger under these meth-
ods (e.g., Fill et al. 2019; Terando et al. 2021). In another
example, Bedel et al. (2013) found that while temperature
increases are generally consistent across the study area,
changes in precipitation, moisture, and atmospheric cir-
culation patterns differ spatially and seasonally, result-
ing in increased fire potential broadly but with localized
exceptions mostly tied to moisture availability. This varia-
bility complicates a uniform assessment of future fire risk
over the entire Southeastern U.S. These studies under-
score the importance of regional and even smaller-scale
studies in capturing pyrogeography at finer spatial and
temporal scales that reshape regional fire regimes and in
identifying the specific factors that drive fire risk in a spe-
cific region.

In contrast to statistical models, fire behavior models
simulate how wildfire responds to daily weather con-
ditions and spreads across complex topographies and
heterogeneous fuel landscapes. These models offer an
efficient means of capturing the spatial and temporal
variability of fire activity and identifying its underlying
drivers (Parisien et al. 2019; Sun et al. 2023). Robbins
et al. (2024), for example, used the landscape change
model LANDIS-II to explore how climate represented
by the daily Canadian Fire Weather Index interacts with
fuels and ignition patterns to influence wildfire dynam-
ics and suppression efforts in the Southern Appalachians.
Their results revealed substantial spatial variability of fire
return intervals driven by fire exclusion and suppression,
with some areas experiencing multiple fires per decade
while others remained fire-free.

Among the various fire behavior models available, the
Large Fire Simulator (FSim) has been widely applied to
estimate wildfire risk at national and regional scales
under both contemporary and future climate conditions
(Riley et al. 2016; Dillon et al. 2023; Dye et al. 2023, 2024;
Riley et al. 2025). It has also been used to optimize fire
risk management strategies (Scott et al. 2016; Ager et al.
2019, 2020; Thompson et al. 2017) and to compare alter-
native fire management strategies (Riley et al. 2018),
community wildfire protection plans (Hamilton et al
2024), and to assess wildfire evacuation vulnerability
(Dye et al. 2021). FSim’s strength lies in its ability to sim-
ulate wildfire ignition, spread, suppression, and contain-
ment at fine spatial resolutions (typically 90-270 m grid
cells) by incorporating topography, fuelscape, and a range
of hypothetical fire weather conditions.

Recognizing the spatial variability of fire regimes and
the distinct drivers of fire danger in the Southeast, our
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study focuses on the Florida flatwoods pyrome to exam-
ine the impacts of projected climate change on wildfire
activity. This pyrome spans a large portion of Florida, a
region that experienced a roughly 40% increase in WUI
area between 1990 and 2020 (Radeloff et al. 2018; Wild-
land-Urban Interface (WUI) change by SILVIS Lab
(n.d.)). It is also projected to face reduced opportuni-
ties for prescribed burning, which could further elevate
wildfire risk (Kupfer et al. 2020). We used FSim to simu-
late wildfire spread across the landscape in this pyrome,
driven by daily fire weather derived from multiple down-
scaled Global Climate Models (GCMs) representing both
historical and projected future climates. Our analysis
explored the level of agreement among simulations from
different GCMs and the meteorological variables most
associated with wildfire risk. By addressing these ques-
tions, we aim to depict plausible future fire regimes for
this region by mid-century under a high warming sce-
nario, providing valuable insights for natural resource
planning.

Methods

Study area

The Florida flatwoods pyrome is a ~120,000 km? flat plain
area covering northern Florida and a small southern por-
tion of Georgia (Fig. 1a). A pyrome is an area that is rela-
tively homogeneous in terms of fire frequency, intensity,
size, burned area, and fire season length (Archibald et al.
2013; Short et al. 2020). The vegetation is dominated by
longleaf pine savanna (Short et al. 2020). This region con-
tains several protected areas, including multiple National
Forests and National Wildlife Refuges. It is also an
important center of biodiversity because of its remnant
longleaf pine ecosystems, whose persistence is tightly
linked to the frequent occurrence of fire (Platt 1999;
Rother et al. 2020). At the same time, rapid population
growth and urbanization around major cities in the area
have driven substantial expansion of the WUI (Radeloff
et al. 2018 and Wildland—Urban Interface (WUI) change
1990-2020). The Florida flatwoods pyrome has a mild
mid-latitude humid subtropical climate characterized by
hot and humid summers and warm to mild winters. The
primary fire season is late spring, a window when warm
temperatures dry out the fuel before the onset of intense
summer humidity.

FSim large fire model

The Large Fire Simulator (FSim) is a spatially explicit fire
behavior model that simulates the ignition, spread, con-
tainment, and suppression of wildfires on a gridded land-
scape (Finney et al. 2011) (Fig. S1). FSim is described in
detail in prior publications (e.g., Finney et al. 2011; Riley
et al. 2016; Dye et al. 2023; Dye et al. 2024). Here, we
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briefly review its salient features. In FSim, fire activity is
driven by the Energy Release Component (ERC) associ-
ated with fuel model G, a fuel aridity index defined in
the National Fire Danger Rating System (Cohen and
Deeming 1985). ERC values are determined by factors
including daily temperature, precipitation and its dura-
tion, humidity, solar radiation, and the State of Weather
(SOW). SOW is a coded National Fire Danger Rating
System (NFDRS) variable that represents daily sky and
precipitation conditions (from clear skies to thunder-
storms). These codes influence fuel moisture calculations
and therefore affect ERC. ERC is widely used in wildfire
modeling (e.g., Peterson et al. 2021; Wang et al. 2021;
Marjani et al. 2023). Generally, as the ERC increases, the
probability of ignition also rises (Riley et al. 2013; Riley
and Loehman 2016).

FSim simulates ignitions using a two-step process.
First, “burn days” are defined as days when ERC is equal
to or exceeds the 80th percentile of the historical ERC
distribution for that region. This threshold identifies the
fire season and reflects the strong relationship between
large-fire ignitions and ERC observed across much of the
Western US (Riley et al. 2013), a relationship also used in
national FSim runs (Dillon et al. 2023). Second, on these
burn days, FSim computes the daily ignition probability
using a logistic regression model that relates historical
large-fire ignitions within the study area to daily ERC val-
ues (Andrews et al. 2003; Finney et al. 2011). We applied
this same logistic regression framework to evaluate the
ERC-ignition relationship for this pyrome.

When ignition is simulated, its location is determined
by the Ignition Density Grid (IDG), which is created
using historical large fire ignition locations and distrib-
utes ignitions proportionately across the landscape. The
spread of a fire is modeled using a minimum travel time
algorithm that identifies paths with the most rapid fire
spread, taking into account factors such as wind, topo-
graphic parameters, and fuel characteristics. Another
factor affecting wildfire growth is the daily burn period
length (hours), which is a function of ERC percentiles.
Daily burn hours are 1, 3, and 5 for ERC in the ranges
of 80th—89th, 90th—96th, and 97th—100th percentiles,
respectively. Fires in FSim stop growing after encounter-
ing sustained wet and cool weather conditions exceed-
ing 2 days in non-timber fuels and 5 days in timber fuels.
FSim uses daily wind vectors (speed and direction) as a
core fire-weather input that influences ignition probabil-
ity, fire spread, and containment outcomes. Monthly joint
distributions of wind speed (binned in 5 mph intervals)
and wind direction (binned in 45° intervals) are com-
puted from historical weather records. For each simula-
tion day, FSim randomly samples a single wind vector
from the corresponding monthly joint distribution. This
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approach does not represent diurnal variability. Instead,
the sampled daily wind speed and direction are assumed
to remain constant throughout the 24-h simulation
period. Additionally, a suppression module can be acti-
vated to model the daily containment probability based
on vegetation type, time elapsed since ignition, and
fire behavior (Finney et al. 2009). Users can also vary a
perimeter trimming algorithm to simulate the construc-
tion of firelines by fire suppression personnel, which pro-
duces realistic fire shapes (Finney et al. 2025).

FSim relies on both dynamic weather data and static
spatial data to carry out its simulations. The daily
weather data used in this study were either collected at
a Remote Automated Weather Station (RAWS) or from
downscaled GCMs, depending on the simulation periods
discussed in the next sections. The spatial data used in
FSim can be categorized into two groups. The first cate-
gory consists of topographic factors, including elevation,
slope, and aspect. The second category encompasses fuel
characteristics, such as fire behavior fuel models (Scott
and Burgan 2005), canopy bulk density, canopy base
height, canopy cover, and canopy height. These spatial
data were obtained from the 2016 Remap products from
the LANDFIRE program (LANDFIRE 2018) and were
resampled to a resolution of 270 m.

At any given spot in the landscape, large fires are infre-
quent occurrences. The availability and reliability of
fire and weather records are limited to a relatively short
period of a few decades commencing in 1992 (Short
2014). These records, due to their brief duration, do not
provide a comprehensive representation of the diverse
combinations of fire weather and ignition patterns. To
overcome this limitation, FSim employs a strategy of
generating plausible ERC streams for a large number
of hypothetical calendar years. Therefore, an FSim run
typically simulates wildfire in 10,000 hypothetical cal-
endar years. These ERC streams are derived from sta-
tistical properties observed in simulation years (e.g.,
1992-2018), including the daily average, standard devia-
tion, and temporal autocorrelation. By simulating fires
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across these extensive timeframes, FSim encompasses a
wide range of possibilities for fire weather conditions.

To assess the likelihood of burning at a specific loca-
tion, FSim calculates the annual burn probability by
determining the number of times that particular pixel
experiences fire in the simulations and dividing it by
the total number of simulation years. FSim specifi-
cally focuses on modeling large fires to maintain com-
putational efficiency, as these fires account for the vast
majority of the burned area. In our study, large fires were
defined as those with a size of at least 0.3 km? (72 acres),
equivalent to approximately 4 pixels in the simulation.
This threshold was selected to reflect the region’s fire
regime, which is characterized by frequent, low-intensity,
less extensive fires, and to minimize the influence of sto-
chastic variability associated with very small fires. Unless
otherwise noted, all references to fire in the following
analysis pertain to large fires.

Modeling protocol

Following Dye et al. (2023), we ran FSim for three time
periods to produce four sets of simulations which we call
contemporary calibration, baseline, historical, and future
(Table 1). First, we ran FSim for the contemporary time
period (1992-2018) with observed weather data, using
the simulations to calibrate the model to the observed
fires in the Fire Occurrence Database (Short 2014, 2021).
Second, to produce simulations directly comparable
with GCM outputs, we ran FSim with observed weather
data for 1979-2005 to create a baseline run. While the
contemporary and baseline runs use observed data, the
historical and future runs use downscaled climate pro-
jections from GCMs from the MACA-v2-METDATA
dataset (Abatzoglou and Brown 2012) under the Rep-
resentative Concentration Pathway (RCP) 8.5 climate
change scenario based on the Coupled Model Intercom-
parison Project, Phase 5 (CMIP5). We selected future
climate projections from 9 GCMs to explore variability
across GCMs. Downscaled climate data from GCMs
began in 1950, and despite having been bias-corrected

Table 1 Periods and roles of simulation scenarios in the modeling framework (GCMs: Global Climate Models, RAWS: Remote
Automatic Weather Station, RCP: Representative Concentration Pathway)

Climate data Purpose
Contemporary calibration (1992-2018)  RAWS Calibrate model settings to reflect observed contemporary fire statistics
Baseline (1979-2005) RAWS Simulations covering the historical GCM period for comparison with GCM-

Historical (1979-2005) 9 GCMs (downscaled MACAv2-

METADATA)

9 GCMs (downscaled MACAv2-
METADATA)

Future (2040-2069)

based simulations
GCM-based simulations for the historical period

GCM-based simulations for mid-twenty-first century under RCP8.5 emissions
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for major climate features, individual GCMs still exhibit
some bias in ERC. To account for those biases, we ran
FSim for both historical and future time periods to enable
comparison within each GCM (Table 1). The observed
daily weather data were obtained from the Central Flor-
ida RAWS located at 29.10° N, —81.62° W (Fig. 1a), and
the GCM-based weather time series were extracted at
the same location. The same monthly joint distributions
of wind speed and wind direction were used in all simu-
lation periods (Table 1). These weather inputs were then
applied uniformly across the entire Florida flatwoods
pyrome, consistent with the standard FSim configuration
in regions (Riley et al., 2016; Dye et al. 2023, 2024).

Contemporary model calibration (1992-2018)

The FSim model was calibrated using observed fire data
from the flatwoods pyrome from 1992 to 2018 from the
Fire Occurrence Database (FOD) (Short 2021). ERC,
which drives fire activities in FSim, was calculated by Fire
Family Plus (Bradshaw and McCormick 2009) using the
daily weather data from 1992 to 2018 collected at Central
Florida RAWS (Fig. 1a). In instances where there were
missing values, the gridMet data (Abatzoglou 2013) was
employed to fill in the gaps. gridMet is a high-resolution
(4-km) gridded dataset widely utilized in ecological mod-
eling for surface meteorological variables (e.g., Balch
et al. 2017; Kreider et al. 2024; Zakari et al. 2025), as well
as in national FSim runs (Riley et al. 2025; Dillon et al.
2023). The calibration process primarily involved adjust-
ing two parameters: the rate of spread multipliers, which
regulate the fire spread across different fuel types, and
“acrefract,” a divisor number that modifies the probability
of a large fire day. The goal of a successful calibration is
to ensure that both the mean simulated fire size and the
mean number of simulated large fires per year fell within
the 70% confidence intervals of the observed means, fol-
lowing standard FSim best practices for model calibra-
tion (Scott et al. 2018).

Baseline and historical FSim runs (1979-2005)

To establish a baseline, we conducted an FSim run using
observed weather data from 1979 to 2005, collected at
the Central RAWS—the same station used for model cal-
ibration, augmented with gridMET data where missing
values occurred.

For FSim runs in the historical climate period, we
employed downscaled GCM-based climate data cover-
ing the period of 1979-2005, obtained from the MACA-
v2-METDATA downscaled climate dataset (Abatzoglou
and Brown 2012). MACA-v2-METDATA relies on grid-
MET as the reference dataset for its downscaling algo-
rithm. “GCM drizzle” is a well-documented problem
in GCMs (Sun et al. 2006; Ahlgrimm and Forbes 2014).
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In the MACAv2-METDATA dataset, it manifests as an
unrealistically high frequency of days with extremely
light rain that leads to an artificial suppression of ERC
values. To rectify this, we excluded the lowest precipita-
tion days from MACAv2-METDATA for the historical
period to align the number of drizzle days within the 95%
confidence interval of those at the RAWS for the baseline
period, considering the baseline period as the reference
for accurate values for each month (Supplement). The
adjustments induced little change in monthly precipita-
tion totals (Table S1), while reducing the number of days
with precipitation. Precipitation duration and SOW, the
two variables required in the calculation of ERC, are not
available in the MACA-v2-METDATA. The former was
estimated by the method based on the empirical relation-
ship between precipitation depth and duration described
in Abatzoglou and Kolden (2013). The latter was calcu-
lated based on precipitation duration and percent of
cloud cover, where cloud cover was inferred from the
ratio between solar radiation and potential maximum
radiation (Table S2). Subsequently, we compared the sim-
ulation results from the historical period with those from
the baseline period to interpret any potential biases pre-
sent in GCMs. The 1979-2005 timeframe was chosen as
it overlaps with the standard historical period covered by
the GCM-based climate data.

Future FSim runs (2040-2069)
For this study, we focused on the mid-century period
(2040-2069) characterized by the RCP8.5 high-warm-
ing climate change scenario to investigate the impacts
of climate change. Although RCP 8.5 represents a very
high emissions pathway, Bayesian analyses suggest that
it remains highly plausible through approximately 2060
(Huard et al. 2022). We retained the same landscape for
all FSim runs so that we can isolate the effects of climate
change on fire activities from the interference of concur-
rent alterations in vegetation and maintain the clarity of
the climate signal. To account for “GCM drizzle” in the
projected ERC calculations, we applied similar adjust-
ments as in the historical period. However, the target
number of drizzle days for the future period was modi-
fied based on the ratio of unadjusted drizzle days in the
future period to those in the historical period (Supple-
ment). This adjustment procedure had only minimal
impacts on total precipitation values (Table S3), while
reducing the number of drizzle days. In subsequent anal-
yses, we compared simulation results from the future
period (2040-2069) with those from the historical period
(1979-2005) to interpret projected changes within each
GCM for the future climate scenario.

We evaluated burn probability at two spatial scales.
First, at the pixel level, burn probability was calculated at
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the 270-m FSim grid resolution as the fraction of simu-
lated years in which each pixel burned. Second, at the
region level, burn probability was computed as the spatial
mean of pixel-level burn probabilities across the entire
study area. We refer to these as pixel-level burn probabil-
ity and region-level burn probability, respectively.

Impacts of climate change on wildfire activities

To assess the impacts of climate change on wildfire activ-
ities in this region, we analyzed historical and future burn
probabilities simulated with nine GCMs. Our analyses
proceeded in three components.

First, we examined how region-level burn probabil-
ity relates to two key fire outcomes: total area burned
and the number of fires. We also quantified changes in
region-level burn probability, average fire size, and the
number of fires from the historical period to the future
period.

Second, we evaluated how burn-day dynamics—the
number of burn days and their temporal structure—
shape wildfire activity in this region. Specifically, we
examined how these dynamics relate to (1) region-
level burn probability, (2) total area burned, and (3) the
number of fires. In FSim, fires can only ignite on “burn
days”—defined as days when ERC equals or exceeds the
80th percentile of historical values—making the num-
ber of burn days a direct determinant of burn probabil-
ity. Strong correlations between the number of burn days
and burn probability have been reported in Southern
California (Dye et al. 2023) and the Pacific Northwest
(personal communication with Dye et al. 2024). To fur-
ther quantify the temporal distribution of burn days, we
developed the metric “average length of burn blocks,’
where a burn block is a continuous sequence of one or
more consecutive burn days. This metric is calculated as
the total number of burn days divided by the number of
burn blocks within a given period.

To capture varying degrees of fire-conducive con-
ditions, we classified burn days and burn blocks into
three categories based on ERC thresholds: burn days
(>80th percentile), high burn days (>90th percentile),
and extreme burn days (>97th percentile). We then con-
ducted a stepwise multivariate linear regression using
six variables—the number of burn days and the aver-
age length of burn blocks at each of the three ERC levels
defined by thresholds (i.e., >80th percentile, >90th per-
centile, and >97th percentile)—to identify which factors
significantly explained variations in region-level burn
probability.

Third, because ERC integrates multiple weather inputs
and is therefore less intuitive than direct meteorologi-
cal variables, we further investigated the relationship
between three primitive meteorological variables (i.e.,
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temperature, relative humidity, and precipitation) and
the number of burn days that contributed to region-level
burn probability. This analysis was conducted to link fire
danger metrics back to primitive meteorological vari-
ables that are more tangible and broadly interpretable.
Meteorological variables influence burn probability only
indirectly through their effects on ERC and the resulting
burn-day structure; therefore, evaluating weather—ERC
linkages clarifies the first step in the causal chain. Since
ERC incorporates the 1000-h equilibrium fuel moisture,
which is influenced by a 7-day running mean boundary
condition of weather conditions (Cohen and Deeming
1985), we calculated the 7-day running means of tem-
perature, relative humidity, and precipitation. We then
compared the distributions of the three smoothed varia-
bles on burn days, high burn days, and extreme burn days
defined by ERC thresholds versus days that did not meet
these thresholds. To identify dry conditions, we extracted
the 90th percentile thresholds for the three variables and
defined a dry day as any day meeting two of the follow-
ing three criteria: temperature exceeding its threshold,
or relative humidity or precipitation falling below their
respective thresholds. We evaluated which combina-
tion of these criteria for defining a dry day produced the
strongest correlation with region-level burn probability.

Selection of GCMs for historical and future scenarios

Running FSim is computationally expensive. For exam-
ple, a single FSim simulation of 10,000 iterations (hypo-
thetical years) for this pyrome required approximately
2-3 weeks to complete on a multicore server. The com-
puting environment consisted of a single-socket AMD
EPYC 7702P processor with 64 physical cores (SMT
disabled), 64 logical processors, and 256 GB of RAM. To
make computing manageable for this study, we selected
9 GCMs from the 18 available GCMs downscaled by
MACAv2-METDATA (Abatzoglou and Brown 2012).
Previous studies suggested a strong correlation between
burn probability and the number of burn days (Dye et al.
2023). Therefore, we used the number of burn days as a
proxy to choose the 9 GCMs that cover the similar ranges
of bias and change of burn probability suggested by all
18 GCMs. We estimated the region-level burn prob-
ability from the other 9 GCMs that we did not perform
FSim simulation using significant variables identified in
this study that account for burn probability. To ensure
the 9 selected GCMs captured the similar ranges of bias,
change, and variance of burn probability suggested by all
18 GCMs, we compared the mean and the distribution
of the burn probability from the 9 selected GCMs and
the unselected 9 GCMs in the historical and future peri-
ods using a t-test (Student 1908), a Kruskal-Wallis test
(Kruskal and Wallis 1952), and a Levene’s test (Levene
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1960), respectively. If the two tests suggest no significant
difference, it is reasonable to conclude that the 9 GCMs
captured the bias and change of burn probability sug-
gested by all 18 GCMs.

Results

Contemporary model calibration (1992-2018)

The calibrated FSim model produced an average of 166.8
large fires per year, with an average burned area of 4.2
km? per year from 1992 to 2018. These values are closely
aligned with the observed records from the FOD, which
reported an average of 168.9 large fires per year and an
average burned area of 4.0 km? per year, and fell within
the 70% confidence intervals of 157.9 to 196.4 fires per
million acres per year and 3.5 to 4.4 km? per year, respec-
tively. Although the frequency and size of simulated large
fires deviate from the observed record in some months,
overall, the seasonality of simulated large fires follows
that of the observed records. The primary discrepan-
cies include a notable underestimation of burned area in
April, underestimation of the number of large wildfires in
January and February, and a slight overestimation during
the summer months (Fig. 2).

Baseline simulation (1979-2005)

The baseline run yielded the same fire frequency as that
of the calibration run (166.8 large fires per year) but a
smaller average burned area of 3.7 km? per year, and fol-
lowed the seasonality of simulated fires in the calibration
run, except that the calibration had the larger burned
area in March (Fig. 2a). The region-level burn probability
is 0.0049 (Table 2). Areas with high burn probability gen-
erally align with regions of historically high ignition den-
sity and fuel types characterized by high rates of spread.
These included grass, which covers 27% of the study area
and is concentrated in the southern region and a strip
along the western centre, and timber-understory, which
comprises 21% of the area and is mainly found in the
northern region (Fig. 1 and Fig. S2).

Historical FSim runs and bias in burn probability

The number of GCMs that overestimated versus under-
estimated region-level burn probability in the histori-
cal period was roughly equal. Four GCMs—CanESM2,
GFDL-ESM2G, GFDL-ESM2M, and MIROC-ESM-
CHEM—produced a positive bias, while the remaining
five—bcc-csm1-1, CNRM-CM5, CSIRO-Mk3-6-0, IPSL-
CMb5A-LR, and MRI-CGCM3—exhibited a negative
bias. Among these, GFDL-ESM2M showed the greatest
overestimation at 0.0026, whereas bcc-csm1-1 and MRI-
CGCM3 had the largest underestimations at —0.001
(Table 2). Notably, areas with high historical burn prob-
ability in the southern half of the study area tended to
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exhibit larger biases regardless of direction. At the pixel
level, bias varied spatially, with both overestimations and
underestimations occurring within individual GCM runs
(Fig. S3).

A pixel-level bias range of 0.002 (off by 2 fires in 1000
hypothetical years) can be considered acceptable and
could be attributable to the inherent stochasticity of the
FSim model. Among the 9 GCM runs, six of them (bcc-
csml-1, CNRM-CM5, CSIRO-Mk3-6-0, IPSL-CM5A-
LR, MIROC-ESM-CHEM, and MRI-CGCM3) showed
at least 78% of the region area having biases within this
acceptable range. Even GFDL-ESM2M, which had the
highest overestimation, had 63% of its landscape area
within the 0.002 range. These results indicate that the
GCMs reproduced the general fire weather conditions for
the inputs of the FSim model.

Future FSim runs and change in burn probability
Among the nine future FSim runs, six GCMs—bcc-
csml-1, CNRM-CM5, CSIRO-Mk3-6-0, GFDL-ESM2G,
IPSL-CM5A-LR, and MIROC-ESM-CHEM—projected
an increase in region-level burn probability, while the
remaining three—CanESM2, GFDL-ESM2M, and MRI-
CGCM3—projected a decrease. The mean increase
across the six GCMs was 0.0014 (40.57%), whereas the
mean decrease across the three GCMs was —0.0009
(—19.29%). IPSL-CM5A-LR produced both the larg-
est absolute increase (0.0043) and the largest relative
increase (119.44%). In contrast, GFDL-ESM2M exhib-
ited the largest absolute decrease (—0.0016), while MRI-
CGCM3 showed the largest relative decrease (—29.03%)
(Table 2). Regardless of whether the region-level change
was positive or negative, both increases and decreases
occurred at the pixel level within each GCM run, reflect-
ing the spatial variability and stochasticity of burn prob-
ability. Large absolute increases and decreases were
concentrated in areas and fuel types with historically
high burn probability; however, these areas generally
experienced smaller relative changes—except for IPSL-
CM5A-LR, where the substantial absolute increase also
resulted in a large relative increase (Figs. S2, S4, and S5).
We found no clear correlation between the bias and
the projected change of these GCMs (Fig. S6). To facili-
tate the interpretation of burn probability suggested by
these GCMs, we took the average of the 6 GCMs (i.e.,
bcc-csm1-1, CNRM-CM5, CSIRO-Mk3-6-0, IPSL-
CM5A-LR, MIROC-ESM-CHEM, and MRI-CGCM3)
that had at least 78% of the burnable area having pixel-
level biases within this acceptable range of +0.002 and
whose region-level bias was in the range of +0.001. The 6
GCMs cover almost the full range of changes suggested
by all the 9 GCMs (Table 2). The mean region-level
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fires are calculated from observations in the Fire Occurrence Database (FOD) from 1992 to 2018 (Short 2021). The calibration run represents 1992
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burn probability of historical runs (0.0035) was close to
that of the baseline run (0.0041), which suggested that
historical fire weather from GCMs that drivers of area
burned and number of large fires were likely not largely
different from those observed in the RAWS data. Most
burnable areas are projected to increase in burn prob-
ability in the future timestep (Fig. S7). The region-level

burn probability is projected to have an increase of

0.0013 (35.55%).

Impacts of climate change on wildfire activities
Region-level burn probability, area burned, and the number

of fires

As expected, there was a positive correlation among
region-level burn probability, area burned, and the
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Table 2 Region-level burn probability of baseline run based on the Central Florida Remote Automatic Weather Station (RAWS), and
historical and future FSim runs for 9 Global Climate Models (GCMs). Six bolded GCM runs have very low bias compared to the baseline

run, <=+0.001
GCMs Historical (1979-2005) Bias compared to  Future Absolute change Relative change
baseline (2040-2069)
bcc-csm1-1 0.0031 —0.0010 0.0039 0.0008 25.81%
CanESM2 0.0057 0.0016 0.0054 —0.0003 —-5.26%
CNRM-CM5 0.0033 —0.0008 0.0042 0.0009 27.27%
CSIRO-Mk3-6-0 0.0035 —0.0006 0.0057 0.0022 62.98%
GFDL-ESM2G 0.0058 0.0017 0.0060 0.0002 3.45%
GFDL-ESM2M 0.0067 0.0026 0.0051 -0.0016 —23.58%
IPSL-CM5A-LR 0.0036 —0.0005 0.0079 0.0043 119.44%
MIROC-ESM-CHEM 0.0045 0.0004 0.0047 0.0002 4.44%
MRI-CGCM3 0.0031 —0.0010 0.0022 —0.0009 —29.03%
Baseline (1979-2005)
RAWS 0.0041
6 low-bias GCM mean 0.0035 0.0048 0.0013 35.55%
9 GCM mean 0.0044 0.0050 0.0006 14.76%

number of fires. The correlation between burn probabil-
ity and area burned was particularly strong (R*>=0.991,
p<0.01), whereas the correlation between area burned
and the number of fires was less strong but still signifi-
cant (R*=0.5208, p<0.01). This stronger correlation is
likely because the annual burn probability—calculated
as the frequency of all fires that occurred at a particular
location across simulations divided by the total num-
ber of simulation years—is directly related to the area
burned. In contrast, the area burned is influenced not
only by the number of fires but also by their sizes.
Among the 9 GCMs, three (i.e, CanESM2, GFDL-
ESM2M, and MRI-CGCM3) indicated a decrease in area
burned and burn probability, all of which corresponded
with a reduction in average fire size (Fig. 3). In the case
of CanESM2, the effect of the decreasing average fire size
was offset by an increase in the number of large fires. For
GFDL-ESM2M, the decrease in area burned and burn
probability was primarily due to a reduction in aver-
age fire size; despite a slight decrease in the number of
large fires, from 170.6 to 169.7 (a 0.5% decrease), the area
burned by large fires dropped by over 20%, from 1065 to
827 km?. For MRI-CGCMS3, the decrease in area burned
and burn probability was due to reductions in both the
average fire size and the number of large fires. For the
remaining 6 GCMs (i.e., bcc-csml-1, CNRM-CMS5,
CSIRO-Mk3-6-0, GFDL-ESM2G, IPSL-CM5A-LR, and
MIROC-ESM-CHEM), all of which projected an increase
in area burned and burn probability, each showed an
increase in the number of large fires. However, in the
cases of GFDL-ESM2G and MIROC-ESM-CHEM, this
effect was largely offset by a decrease in fire size (Fig. 3).

Impact of burn-day dynamics on region-level burn
probability, area burned, and the number of fires

The stepwise multivariable linear regression based on
data from 9 GCMs across historical and future periods
yielded consistent findings for both region-level burn
probability and area burned, because the two are highly
correlated. The results indicated that extreme burn days
(p<0.01) and the average length of burn blocks (p<0.01)
together explained a substantial portion of the variation
in burn probability and area burned (adjusted R*=87.0%,
p<0.01, Fig. 4). Extreme burn days held relatively higher
importance than the average length of burn blocks
(62.0% vs. 38.0%). Higher numbers of burn days and
longer burn blocks are associated with increased burn
probability. For 5 GCMs (CNRM-CM5, CSIRO-Mk3-6-0,
GFDL-ESM2M, IPSL-CM5A-LR, and MRI-CGCM3),
burn probability changed in the same direction as both
extreme burn days and average burn block length. For
the remaining 4 GCMs (bcc-csm1-1, CanESM2, GFDL-
ESM2G, and MIROC-ESM-CHEM), extreme burn days
increased while the average burn block length decreased.
In these cases, burn probability generally increased
in response to more extreme burn days, except for
CanESM2, where the decline in burn block length out-
weighed the increase in extreme burn days, leading to
a net decrease in burn probability (Fig. 5a). The same
trends were observed for area burned (Fig. 5b).

Logistic regression indicated a strong and significant
relationship between ERC values and the probability of
large fire occurrence (p <0.01, pseudo R*>=0.98). The esti-
mated probability of a large fire was 0.67 at the 80th per-
centile of ERC values and increased substantially when
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ERC exceeded this threshold. The stepwise multivariable
linear regression indicated the number of large fires had
a strong correlation with the burn days and extreme burn
days (the adjusted R*=0.8756, p value <0.01) (Fig. 6). The
relative importance of the former and the latter was 55%
and 45%. Among 7 of 9 GCMs including bcc-csml-1,
CanESM2, CNRM-CM5, CSIRO-Mk3-6-0, GFDL-
ESM2G, IPSL-CM5A-LR, and MIROC-ESM-CHEM, the
number of large fires increased as the burn days and the
extreme burn days increased, while the number of large
fires from MRI-CGCM3 decreased, as the burn days and
the extreme burn days decreased. For GFDL-ESM2M,
the effect of the increased number of burn days was off-
set by the decrease in the number of extreme burn days,
resulting in a slight decrease in the number of large fires
(Fig. 7).

Primitive meteorological variables and region-level burn
probability

Because the number of extreme burn days was statis-
tically significant in explaining burn probability, total
burned area, and the number of large fires, we examined
its relationship with three fundamental meteorological
variables (i.e., temperature, relative humidity, and pre-
cipitation). We found that 90% of extreme burn days

occurred when the 7-day running mean of temperature
exceeded 27.8 °C, relative humidity fell below 64.0%, and
precipitation was less than 1.4 mm.

The distributions of the seven-day running mean of
relative humidity and precipitation based on 9 GCMs
in historical and future periods display a clear demarca-
tion between extreme burn days and non-extreme burn
days (Fig. S8a and b). In contrast, the distribution of the
7-day running mean of temperature shows a minimal dis-
tinction between extreme burn days and non-extreme
burn days (Fig. S8c). Although all GCMs project higher
temperatures (Fig. S9), changes in burn probability vary
(Table 2), suggesting that temperature alone has limited
explanatory power for burn probability. Changes in rela-
tive humidity are generally more pronounced than those
in precipitation. Notably, 6 GCMs, including bcc-csm1-1,
CNRM-CM5, CSIRO-Mk3-6-0, GFDL-ESM2G, IPSL-
CM5A-LR, and MIROC-ESM-CHEM, show increased
frequencies of days with relative humidity below 64.0%
from January to April, coinciding with their projected
increases in burn probability. This pattern is espe-
cially evident for CSIRO-Mk3-6-0 and IPSL-CM5A-LR,
which show the largest increases in burn probability.
Conversely, GFDL-ESM2M, which projects the great-
est decrease in burn probability, exhibits fewer days with
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is represented by two markers of the same shape, a blue marker for the historical period (1979-2005) and a red marker for the future (2040-2069)

relative humidity below 64.0% during the same period.
The remaining two (i.e., CanESM2 and MRI-CGCM3)
display less consistent changes in relative humidity and
precipitation (Fig. S10)

Among the three criteria combinations used to define
dry days, the strongest correlations with extreme burn
days were found when both the 7-day running mean of
relative humidity and precipitation fell below 64.0% and
1.4 mm, respectively, the same thresholds that were iden-
tified earlier as characterizing 90% of extreme burn days
(R*=0.73, p<0.01, Fig. 8a). This combination outper-
formed the relative humidity—temperature (R*>=0.28)
and temperature—precipitation (R*=0.04) criteria. The
number of dry days defined by the relative humidity—pre-
cipitation combination was also strongly correlated with
burn days (R*=0.85, p<0.01, Fig. 8b). These strong rela-
tionships are expected, as extreme burn days represent a
subset of burn days. Importantly, the number of dry days
also exhibited strong predictive power for region-level
burn probability (R?=0.53, p <0.01; Fig. 9).

Finally, we estimated the region-level burn probabili-
ties for the 9 GCMs not simulated with FSim by using
two empirical relationships: (1) burn probability with
the number of extreme burn days and the length of burn
blocks and (2) burn probability with the number of dry
days. Results from both the ¢-test and Kruskal-Wallis test
indicated no significant differences in either the means or
the distributions between the 9 GCMs simulated with
FSim and the 9 GCMs estimated from these relationships
(Table 3). This suggests that the selected nine GCMs rea-
sonably captured both bias and the projected changes in
burn probability across all 18 GCMs.

Discussion

Implications of GCMs for burn probability projections
Similar to other simulation-based studies that incorpo-
rate multiple climate projections (e.g., Barros et al. 2021;
Heidari et al. 2021; McEvoy et al. 2021; Dye et al. 2023,
2024), we also observed considerable variability in FSim
outcomes depending on the GCMs used to drive FSim



Gao et al. Fire Ecology (2026) 22:57 Page 14 of 22
a) Legend
5.0 4 0.0079 ® bcc-csml-1
’ ® CanESM2
® CNRM-CM5
® CSIRO-Mk3-6-0
48 ® GFDL-ESM2G
) ® GFDL-ESM2M
‘O-OQS‘,‘ - @® IPSL-CM5A-LR
~ 7 $90.0054¢0.0067 ®  MIROC-ESM-CHEM
46 B i ® MRI-CGCM3
' ’ 0.0060 @ Historical
¥ ©-0-0035 7 Po 0.0057 QO Future
cTO: ! —— Burn Probability T
g 4.4 ! — = Burn Probability {
o !
s I
£
=3 !
g I
= 4.2 1 v
SN ——t—Pe 0.0039 0.0051
» 0.0031 0.0042
4.0 4
/
P .0033
/ {
3 »-.0.0045
3.8 1 5.0022
0.0047
é 1I0 1'5 ZKO 2'5
Extreme Burn Days
b) Legend
5.0 1 1288 ® bcc-csml-1
. ® CanESM2
@® CNRM-CM5
® CSIRO-Mk3-6-0
4.8 4 ® GFDL-ESM2G
' ® GFDL-ESM2M
® IPSL-CM5A-LR
@ MIROC-ESM-CHEM
4.6 - ® MRI-CGCM3
' 972 @ Historical
% O Future
% —— Burned Area (km?) T
€ — = Burned Area (km?) {
S 4.4
«©
k3
£
2
2421 .
¢ 499\)6) 629 827
» 500 674
4.0 1 —
7 34
g 2730
3.8 1 :h54 -
PO 756
5 10 15 20 25

Extreme Burn Days

Fig. 5 Shifting relationship between extreme burn days (x-axis), the length of burn blocks (y-axis), and burn probability (a) and burned area (b)
(proportional to marker size and also denoted by numbers adjacent to markers) from the historical (1979-2005) to future (2040-2069) in FSim
simulations driven with 9 Global Climate Models (GCMs). Solid and dashed lines connect markers for each GCM, from historical to future. Dashed
lines indicate decreases in burn probability (a) and burned area (b) from historical to future, while solid lines indicate increases
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Fig. 7 Shifting relationship between extreme burn days (x-axis), burn days (y-axis), and the number of large fires (proportional to marker size

and also denoted by numbers adjacent to markers) from the historical (1979-2005) to future (2040-2069) in FSim simulations driven with 9 Global
Climate Models (GCMs). Burn days and extreme burn days are when the Energy Release Component (ERC) exceeds 80th and 97th percentile,
respectively. Dashed and solid lines connect markers for each GCM, from historical to future. Dashed lines indicate decreases in the number of large

fires from historical to future, while solid lines indicate increases

inputs. Using multiple GCMs is a widely recommended
best practice for analyzing future climate impacts (e.g.,
Mote et al. 2011 recommend 10 or more), although
resource constraints may limit the number used in some
studies. In our analysis, we included 9 GCMs to capture
variability in model bias when reproducing historical

burn probabilities and to reflect the uncertainty inher-
ent in future climate projections. Although projected
changes in burn probability differ across individual mod-
els, the majority of GCMs (6 out of 9) suggest increased
burn probability. Moreover, both the multi-model aver-
age across all nine GCMs and the average across the
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six GCMs with lower historical bias indicate an overall
increase in burn probability. The findings align with other
regional and national studies forecasting elevated fire risk
in this region (e.g., Brown et al. 2021; Liu et al. 2013; Bar-
bero et al. 2015; Prestemon et al. 2016; Gao et al. 2021).
While the absolute changes appear small, the relative

changes are substantial because burn probability can be
directly translated to burned area.

Intriguingly, some GCMs with positive biases in
historical simulations—most notably CanESM2 and
GFDL-ESM2M—project decreases in both area burned
and burn probability in the future. On continental to
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Table 3 Comparison of region-level burn probabilities
simulated with FSim and estimated from empirical relationships
in the historical and future periods. Estimation is based on

the relationship with the number of extreme burn days and

the length of burn blocks, while Estimation2 is based on the
relationship with the number of dry days

FSim simulated Estimation1 Estimation2
Historical Mean 0.0044 0.0040 0.0040
Median 0.0036 0.0035 0.0038
Variation  1.87E-06 2.55E-06 1.15E-06
Future Mean 0.0050 0.0053 0.0058
Median  0.0051 0.0062 0.0058
Variation  2.48E—-06 2.82E-06 1.90E-06

global scales, it is reasonable to expect positive pre-
sent-day biases in GCMs (e.g., warmer temperatures)
to persist into future projections. However, our FSim
simulations are run for a single pyrome, driven with
an ERC stream representative for the pyrome. ERC
values used in our simulations are highly sensitive
to regional-scale moisture transport and precipita-
tion patterns simulated by GCMs. As a result, a GCM
that exhibits a positive ERC bias during the historical
period can still project lower ERC in the future if it
simulates increases in relative humidity or precipita-
tion that suppress fuel drying. This appears to be the
case for these two GCMs, which project a warmer but
more humid and wetter future climate in this pyrome
despite warmer temperatures, leading to reduced fire
potential. Under alternative modeling protocols that
apply projected climate anomalies to observed weather
(e.g., Riley and Loehman 2016), the influence of such
baseline biases would likely be muted, and projected
changes in fire activity would be more constrained. In
contrast, our approach uses unfiltered future climate
projections, allowing the full combination of tempera-
ture, humidity, and precipitation changes to influence
ERC and fire behavior. We believe this to be a plau-
sible, but not necessarily probable, pathway in which
increased moisture offsets warming-driven fire risk in
this humid pyrome.

Whether GCMs that more accurately simulate con-
temporary climate will also more reliably predict
future climate remains an untestable hypothesis (Rupp
et al. 2013). Nevertheless, by incorporating multi-
ple GCMs and providing simulated burn probability
through FSim and estimated burn probability based
on empirical relationships, we not only address this
uncertainty but also provide a basis for identifying
potential areas of model consensus.
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Influence of burn-day dynamics on fire activities

Both average fire size and the number of large fires con-
tributed to changes in the total burned area, similar to
findings from Dye et al. (2023). The former is mainly
determined by the number of burn days (i.e., days when
ERC exceeds the 80th percentile) and the latter is influ-
enced by burn-day dynamics, including the number of
burn days, the length of burn blocks, and the hours of
burn in each day. In FSim, ERC percentiles determine
the ignition of a fire (a fire can only ignite when daily
ERC exceeds the 80th percentile) and daily burn hours
(daily burn hours are 1, 3, and 5 h for ERC in the ranges
of 80th—89th, 90th—96th, and 97th—100th percentiles,
respectively, corresponding to burn days, high burn days,
and extreme burn days). Because fire ignition probability
is related to ERC via logistic regression in FSim (Andrews
et al. 2003), the number of burn days (i.e., days when ERC
exceeds the 80th percentile) is strongly related to the
number of fires that ignite in FSim. Once a fire ignites,
FSim has a built-in suppression algorithm designed to
stop fire growth after encountering more than 2 con-
secutive non-burn days if the ignition occurred in a non-
timber fuel type, or more than 7 consecutive burn days
if ignition occurred in a timber fuel type. Therefore, the
burn-day dynamics, along with the ignition location, fuel
type, topography, winds, and landscape characteristics,
work together to determine the growth and final size of
a fire.

In contrast to the Western U.S., where ignited fires
often spread rapidly and grow large under persistently
dry and highly flammable conditions (Westerling et al.
2006), fires in the more humid Southeastern US require
extended periods of consecutive days with elevated fire
danger, as well as individual extreme burn days, to sus-
tain active burning. The region’s persistent high humidity
and frequent, heavy rainfall events. This moisture rapidly
wets the deep, heavy fuels, preventing the catastrophic,
deep-burning fires commonly seen in the West (Black-
marr 1971). Our analysis reflects this distinction: addi-
tional burn-day metrics beyond the simple count of burn
days help explain fire activities in this pyrome. In particu-
lar, the strong correlations between the number of large
fires and both the number of burn days and extreme burn
days indicate that, within FSim, fires must not only ignite
but also experience sufficiently prolonged periods of high
fire danger to exceed the large-fire threshold. Addition-
ally, the significant relationship between the average
length of burn blocks and total area burned highlights
the importance of consecutive sequences of burn days
in facilitating fire growth. Similar relationships between
the number of burn days and burn probability have been
documented in Southern California (Dye et al. 2023) and
the Pacific Northwest (personal communication with
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Dye et al. 2024), but the reliance on extended periods of
consecutive days with elevated fire danger appears espe-
cially critical in this humid region.

Interpreting dry days as a localized indicator of fire
potential

ERC, which determines burn days in FSim, approximates
fuel dryness by integrating complex interactions among
temperature, precipitation amount and duration, rela-
tive humidity, and solar radiation. We further dismantled
the complexity of ERC and found that burn probability in
this pyrome is more strongly associated with the combi-
nation of low relative humidity and limited precipitation.
This finding is consistent with the sensitivity analysis
over the conterminous US by Yu et al. 2023), which iden-
tified daily minimum relative humidity and precipita-
tion as the most influential factors for predicting annual
mean fire danger. While warmer temperatures generally
promote drier conditions and are expected to increase
in this region, temperature alone is not a reliable indica-
tor of fire risk in the Southeast. For example, the highest
temperatures typically coincide with the humid summer
season, during which substantial precipitation suppresses
fire activities. As a result, summer is not the typical peak
fire season in this region (National Wildfire Coordinating
Group, 2023).

To simplify risk assessment, our study introduces the
concept of a “dry day” as a more practical alternative to
the more intricate ERC (Cohen and Deeming 1985). This
localized metric provides an effective means of evaluat-
ing fire risk in the region, particularly when accounting
for known biases in climate models. For instance, evalu-
ations of CMIP5-generation GCMs indicate that models
such as bec-csm1-1 exhibit a high precipitation bias over
eastern North America (Sheffield et al. 2013; Maloney
et al. 2014), which could lead to an underestimation of
dry days and, in turn, fire risk, if relative humidity holds
the same. While we do not propose replacing established
fire danger indices such as KBDI or ERC, incorporating
localized indicators like dry days can improve the accu-
racy and contextual relevance of fire risk assessments in
this pyrome, especially under climate change scenarios
where model uncertainties must be carefully interpreted.

While we found a significant correlation between the
number of dry days and region-level burn probability,
the influence of daily variations in meteorological vari-
ables, including temperature, relative humidity, and
precipitation, and their interactions at finer temporal
scales should not be overlooked. These dynamics play a
critical role in shaping the temporal distribution of burn
days and the length of continuous burn periods, or burn
blocks. For example, the future projection from MIROC-
ESM-CHEM shows a substantial increase in dry days
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compared to its historical period, yet the corresponding
burn probability increases only slightly. Two factors may
explain this discrepancy. First, many of the additional
dry days may not lead to burn days due to unfavorable
combinations of temperature, relative humidity, and pre-
cipitation. Second, even when dry days do result in burn
days, they may be dispersed rather than consecutive, lim-
iting their ability to sustain continuous burning.

Caveats and limitations of FSim

One limitation of FSim is its treatment of wind. The
model draws wind vectors randomly from monthly joint
distributions of wind speed and direction, producing
conditions that are statistically representative but uncou-
pled from ERC or other daily meteorological variables.
In addition, FSim applies a single wind vector for the
full 24-h simulation period, preventing representation of
sub-daily fluctuations that may meaningfully influence
fire behavior.

Another important assumption in FSim is that the
present-day relationship between ERC and ignition prob-
ability will remain constant in the future. In practice,
ignition—ERC relationships vary across climate regimes
and vegetation types and require local parameterization.
As climate and vegetation conditions evolve, these rela-
tionships may shift in ways not captured by the current
modeling framework (Riley and Loehman 2016).

A further caveat of our FSim simulations is that the
spatial distribution and composition of vegetation types
were held unchanged across both historical and future
climate scenarios. This modeling choice was made to
isolate the effects of climate change on fire behavior
while minimizing the confounding influence of vegeta-
tion change. However, in reality, vegetation dynamics are
expected to shift substantially over time due to interact-
ing disturbances such as fire, drought, land use change,
fire management practices, and the spread of invasive
species. For instance, while increased precipitation may
suppress wildfire risk in this humid region, it can also,
along with elevated CO,, accelerate tree growth and
lead to greater fuel accumulation (Hanberry et al. 2024).
With decreasing opportunities for prescribed burn-
ing, this accumulated biomass can elevate fire risk dur-
ing subsequent drought events. The Southeastern US
contains many fire-adapted ecosystems, such as longleaf
pine savannas, which rely on frequent, low-intensity fires
for maintenance. However, climate-driven disturbances
and evolving fire management challenges may shift the
distribution of dominant vegetation types—potentially
reducing fire-adapted communities or facilitating the
expansion of invasive species that alter fire behavior (Lip-
pincott et al. 2000; Dillon et al. 2021). Moreover, differ-
ent fire frequency scenarios—whether shaped by fire
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exclusion, prescribed burning, or wildfires—can result in
varying levels of aboveground biomass, species composi-
tion, and fuel structure (Flanagan et al. 2019). As such,
future research that integrates vegetation change models,
land management strategies, and fire simulations will be
critical for capturing the full spectrum of fire—climate—
vegetation feedbacks in the Southeastern US.

Conclusions

Our study assessed the potential impacts of mid-
twenty-first century climate change on wildfire activity
in the Florida flatwoods pyrome using FSim, a spatially
explicit fire behavior model driven by 9 GCM-based
projections under the RCP8.5 scenario. By isolating
the influence of climate from other interacting fac-
tors, we were able to examine how projected changes
in fire weather affect burn probability, fire size, and the
number of large fires. While it is not possible to create
forecasts of future fire activity, only projections based
on plausible future climate conditions, our simulations
reveal key patterns and plausible shifts in fire regimes
under a warming climate. Most GCMs projected an
increase in burn probability and area burned, though
the magnitude and spatial distribution of change varied
across GCMs, underscoring the importance of embrac-
ing uncertainty when interpreting future fire risk.
Importantly, we demonstrate that a negative change in
either the number of fires or fire size is possible under a
warming climate. Future convergence of GCM charac-
teristics may resolve that uncertainty.

Our findings highlight the critical fire metrics, includ-
ing burn days, extreme burn days, and the length of burn
blocks, as drivers of fire activity in this fuel-rich, humid
region. We also found that low relative humidity and
limited precipitation, rather than temperature alone, are
the strongest meteorological predictors of fire-conducive
conditions. To enhance regional fire risk assessment, we
introduced a “dry day” index as a simplified and practical
alternative to more complex fire danger metrics like ERC.

Ultimately, our study demonstrates that future fire
activity in this pyrome is likely to be variable and region-
ally nuanced. Rather than following a single narrative
of increasing or decreasing fire risk, fire outcomes will
depend on the interaction between climate variability,
fire weather thresholds, and local vegetation and fuel
conditions. Future modeling work that incorporates
dynamic vegetation change and fire management prac-
tices will further improve our ability to characterize these
complexities and support the development of resilient
fire management and climate adaptation strategies tai-
lored to the Southeastern U.S.
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Abbreviations

ERC Energy Release Component
FSim Large Fire Simulator

GCM  Global Climate Models

IDG Ignition Density Grid

KBDI Keetch-Byram Drought Index

RAWS  Remote Automatic Weather Station
RCP Representative Concentration Pathway
SOW  State Of Weather
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