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analysis, and produced the graphics and tables. TRK wrote the original draft, and all 

authors contributed to the final version. TGS, ICP and SPH supervised the research. 
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Abstract 
 

Wildfires are an intrinsic part of the Earth system, affected by people, vegetation and climate. 

However, extreme fire years and their impacts on people are of increasing concern. 

Understanding wildfire frequency is challenging across timescales, both due to stochasticity in 

individual wildfire occurrences and because significant climate variability in fire weather 

conditions is poorly sampled by the short observational record. This thesis characterises 

patterns in wildfire occurrence over the contiguous United States of America (USA) accounting 

for these two sources of uncertainty. First, developing a probabilistic model to account for the 

randomness of individual wildfire events. And second, using a large ensemble (LE) to account 

for the wider distribution of possible driving conditions in a reference (2000-2009) and future 

(+2°C) climate. Mean annual wildfire occurrences are projected to increase with climate 

change, though variability between fire years increases at a faster rate. An ensemble of model 

training runs and the LE application of the wildfire occurrence model enabled key drivers of 

daily and annual wildfire frequency to be found. Vegetation productivity was a key effect at 

both timescales, and an increasing control on variability in annual wildfire occurrences due to 

the emerging limitation of fuel availability on wildfire likelihood in dry regions of the USA. 

Climate variability is partially predictable from climate modes, which have been linked to 

increased wildfire in some regions. Multiple modes were found to have widespread, statistically 

significant associations with annual USA wildfire patterns, with these associations mostly 

strengthening in response to future climate change. This thesis advances wildfire occurrence 

modelling and quantification of interannual wildfire variability using LEs, both useful to global 

wildfire models. It is the first study to quantify the spatially varying effect of climate modes on 

USA wildfire likelihood, of potentially major utility in projecting seasonal fire danger. 
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Introduction and Literature Review 
Wildfires are an intrinsic part of the Earth system and have been present since the emergence 

of vascular plants on Earth (Scott, 2000). Frequent wildfire is necessary to maintain the 

biodiversity of many fire-adapted ecosystems (Moritz et al., 2014), but wildfires are also a 

fundamental part of the disturbance regime and can initiate succession in the dominant 

vegetation type (Stickney, 1986). However, the increase in extreme wildfires in recent years, 

the rising socioeconomic impacts of wildfires in human occupied fire-prone areas (MunichRe, 

2024) and effect of tropical deforestation fires on carbon cycles (Van der Werf et al., 2017) has 

prompted concern about the occurrence of wildfires and how they may worsen under future 

climate and land-use change. 

 

One difficulty in understanding wildfires is that their occurrence is influenced by many 

interacting factors. Meteorological factors and vegetation properties are both important 

influences on fire occurrence. For example, immediate weather conditions that influence fuel 

dryness determine whether initial ignitions are suppressed or propagate into a fire. And 

vegetation type and biomass influence fuel availability. However, on timescales of months to 

decades, the vegetation properties that determine fuel loads are conditioned by weather and 

climate (Pausas et al., 2025). Furthermore, vegetation properties themselves influence both 

local and global climate, via modulating land-atmosphere exchanges of water, energy, and 

through carbon uptake and storage. The situation is further complicated because human 

activities can influence the occurrence of wildfires (Balch et al., 2017). People start wildfires 

either deliberately or accidentally. Planned or controlled human-set fires can cause wildfires 

through escapes into natural vegetation. Human activities can also have positive effects, 

minimising the spread of wildfires through fragmenting the landscape and creating artificial 

firebreaks (Bowring et al., 2024). However, the effectiveness of landscape fragmentation in 

minimising wildfires is itself dependent on the type of the ecosystem (Harrison et al., 2021). 

Finally, there are feedbacks from wildfires to all of these controls. Wildfires modify vegetation 

properties (Pausas and Moreira, 2012), they impact climate immediately through the release of 

greenhouse gases and particulates (Ward et al., 2012), and in the longer term through changes 

in carbon storage and uptake (Harrison et al., 2018). 

 

There is an urgent need to understand these complex interactions in the face of ongoing climate, 

land-use and climate-induced vegetation change. The threat that extreme wildfire events will 
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be more likely and more intense, and occur in environments in which they have been historically 

rare (Cunningham et al., 2024) gives added impetus to this. These issues are addressed in this 

thesis, with a focus on the contiguous United States.  Specifically, the thesis examines the 

importance of different controls in order to develop an empirical model of wildfire occurrence. 

It then uses this model to examine how wildfire occurrence is likely to change in the future, 

taking into account the inherent stochasticity of wildfire and the internal variability of the 

climate. Finally, it looks at the relationship between wildfire occurrence and climate modes, an 

approach which could provide a way of enhancing the short-term predictability of wildfire 

occurrence and facilitate better wildfire preparedness. 

 

In the rest of this introduction, I discuss the environmental controls on wildfire, how these have 

changed over time and how they may be expected to change in future. I then discuss the impacts 

of wildfire on people and the environment, and the broader role of wildfire in the Earth system. 

I then present an overview of existing wildfire models and some of their limitations. This 

material informed the development of the occurrence model (Chapter 2), as well as motivating 

a more comprehensive study of wildfire interannual variability than currently presented by 

existing models (Chapter 3). I then introduce large ensemble methods and their potential utility 

in characterising a fuller distribution of possible wildfire danger, the benefits and limitations of 

which are then explored in Chapters 3 and 4.  

 

Terminology: 

In this thesis, ‘wildfire’ is defined as any uncontrolled vegetation fire. Risk, and terms relating 

to risk are relevant to the interpretation of results throughout this thesis. ‘Risk’ is used to refer 

to the overall probability and consequence of different types of wildfire events (Brown et al., 

2024) at a specific time and place. Risk can be conceptualised as summing the probability of 

different hazard severities multiplied by exposure (for example of people, property or an 

ecosystem) and the vulnerability of that exposure to wildfire. ‘Hazard’ is used here to describe 

the likely properties of wildfires at a location, in the context of potential negative impacts. 

‘Exposure’, relates to the amount and type of different wildfire-vulnerable categories. 

‘Vulnerability’, relates to the expected impacts wildfire would have on a particular exposed 

category. This framework is particular to catastrophe risk modelling, which is only relevant to 

the estimated negative impact of wildfire. The focus of this thesis is more generally on patterns 

in wildfire, so the broader term ‘wildfire danger’ is used when discussing the general 
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conduciveness of conditions to a wildfire event without connoting a risk perspective (as in, e.g., 

Dupuy et al., 2020; Chuvieco et al., 2023). 

1.1 Wildfire Across Scales 
Individual wildfires can be up to 10,000s of square kilometres in size. But the distribution of 

wildfire sizes is long-tailed, varying from a log-normal to power-law distribution depending on 

environment (Hantson et al., 2016) – meaning that the majority of wildfires are very small. The 

scale of an individual wildfire is determined by natural and artificial barriers such as rivers and 

roads, how fast the fire spreads, and multi-day wildfire persistence. The impact of a wildfire on 

vegetation and in emissions is affected by the intensity of the wildfire, controlled by the 

flammability, moisture and biomass of the burning vegetation. Wildfire intensity and size can 

contribute to the impact of a wildfire on people and property, but location and the speed of 

spread are often more important. For example, in the Lahaina (2023) and Los Angeles (2025) 

wildfires (Figure 1) relatively small, rapidly spreading wildfires overwhelmed evacuation and 

suppression capabilities. This led to penetration of suburban areas with widespread impacts on 

the surrounding area and economy and recovery often taking months. At a larger scale, high 

impact wildfires affecting a large area can occur when multiple extreme wildfires arise due to 

synoptic-scale weather conditions. These conditions include low humidity, high windspeeds 

and high temperatures that persist at a location for consecutive days. In highly productive 

environments this can result in extensive ecosystem damage and harmful air-quality effects over 

the surrounding region (e.g. the Pantanal and Indonesia, Figure 1). The greatest impacts of 

wildfire at a continental scale result from seasonal (e.g. Canada, Figure 1) to multiannual (e.g. 

the Arctic, Figure 1) periods of high fire activity associated with long-term fire-prone 

conditions. Such events are influenced by climate change and annual to multiannual climate 

oscillations that influence regional temperatures and precipitation patterns.  

 

13



 

 

 
Figure 1: Recent examples of wildfire events and the variation in scale of their impacts and 

extent, adapted from Hamilton et al. (2024). Los Angeles, 2025 (Barnes et al., 2025), Canada, 

2023 (Jain et al., 2024), Arctic, 2019-2020 (Copernicus, 2022), global change (Zubkova et al., 

2023; Cunningham et al., 2024), Indonesia, 2023 (Copernicus, 2023; UNDRR, 2024), 

Pantanal, 2024 (Barnes et al., 2024), Lahaina, 2023 (Maui County, 2023). 

1.2 Controls on Wildfire 
Three conditions must be met for a wildfire to occur. First, there must be an ignition source. 

Second, there must be fuel available to burn. Third, the fuel must be sufficiently flammable for 

a wildfire to develop. These simple conditions give rise to complex interactions. The two 

principal causes of wildfire ignition are lightning and human activity. Most lightning occurs 

during rainfall events (Wickramasinghe et al., 2024), which decreases susceptibility to wildfire. 

However, precipitation creates more favourable conditions for vegetation growth and hence 

fuel accumulation in the long term. Humans ignite fires, either deliberately or accidently, but 

human activities are also associated with suppression of fires, vegetation fragmentation which 

limits spread, and creation of monocultures vulnerable to wildfire (Bousfield et al., 2025). 

Long-term wildfire suppression can also have a secondary impact on the fire regime, resulting 

in higher fuel loads and more intense wildfires (MacDonald et al., 2023). Fuel production is 

higher in moist conditions, but these conditions also lower combustibility from wet fuels and 

Canada wildfires, 2023:
15 Mha burnt area, with over 200 
settlements evacuated, with 
smoke plumes affecting much 
of the Northern hemisphere and 
causing health impacts over 
1000km away.

Los Angeles, USA, wildfires, 
2025:
20 kha burnt area destroying 
16000 structures and causing 29 
deaths. Estimated impacts of 
USD 250 billion.
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Lahaina wildfire, 
Hawai’i, 2023:
900 ha burnt area, with 
104 deaths, 2142 
destroyed structures, 
and residents displaced 
for over a month.

Indonesian wildfires, 
2023:
1.2 Mha reported burnt 
area, with extreme local 
smoke impacts and 
smoke effects over the 
wider region.

Pantanal wildfires, 
Brazil,  2024:
440 kha burnt area in 
under one month, with 
significant loss of 
indigenous and 
pastoralist livelihoods.

Global effect of 
climate and land-use 
change:
Changes to wildfire 
dynamics, with 
significant decreases in 
some regions (Zubkova 
et al., 2023) and 
increasing wildfire 
extremes in some 
regions (Cunningham et 
al., 2024).

Arctic wildfires, 2019-
2020:
Over 90 megatonnes of 
carbon emitted in two 
years, with exceptional 
wildfire extent across 
longitudes polewards of 
66.6°N.

Physical Wildfire 
Extent

Impact on People 
and Property

Emissions and 
Carbon Cycling
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increase the rate of dead fuel decay (Moore, 1986) reducing fuel loads. Wind also has multiple 

effects on wildfire. Wind increases evapotranspiration and fuel drying, transports embers long 

distances increasing fire starts (Wang, 2011), drives a faster rate of wildfire spread (Moritz et 

al., 2010) and influences lower atmospheric instability which can cause extreme fire behaviour 

(Werth, 2011).  

 

Globally, most burnt area results from human ignitions. Wildfires in tropical grasslands and 

savannah are the greatest contributors to global burnt area (Jones et al., 2022, Janssen et al., 

2023). In highly developed landscapes such as Europe (Dijkstra et al., 2022), the contiguous 

US (Balch et al., 2017), and southeastern Australia (Collins et al., 2015), ignitions by people 

are especially prevalent. Short (2014) categorises human ignitions in the United States of 

America (USA) as resulting from commercial or industrial activity such as heavy equipment 

use, infrastructure such as railways or powerlines, and debris or agricultural burning. Ignitions 

can also occur due to accidents such as poor cigarette disposal, campfires, children playing, or 

structural fires, ceremonial activities such as bonfires and fireworks, or arson or protest. 

Ignitions from powerline networks or rail lines are predictable from mapped infrastructure, but 

ignition rates from the other sources can be harder to predict. Modelling wildfire ignitions 

therefore requires predictors that approximate the penetration of people into natural landscapes, 

such as population or road densities. Specific behaviours associated with different types of 

ignition likelihood can be predicted by variables for human behaviour such as hiking trails or 

cropland. Some moderately inhabited environments are exposed to very large numbers of 

ignition sources. In such environments, the effect of ignitions on overall burnt area can plateau 

(Guyette et al., 2006, Archibald et al., 2009). Anthropogenic ignition sources can also result in 

an expansion of the natural conditions in which wildfire occurs – human-caused wildfires in 

the USA occur at higher average fuel moistures than those associated with lightning ignitions 

(Balch et al., 2017). 

  

Lightning ignitions contribute more to burnt area than human ignitions in less habited regions 

such as the northern extratropical forests, Amazonia, the Congo basin, and interior Australia 

(Veraverbeke et al., 2017; Jones et al., 2022; Janssen et al., 2023). As lightning is associated 

with higher rainfall, high lightning seasons and regions can be less wildfire prone overall, an 

effect that is especially strong in Africa (Janssen et al., 2023). There do exist high quality 

lightning datasets (WWLLN and Vaisala) but these data are not freely available and cover a 

limited amount of time. This means that predictors for lightning and dry-lightning activity such 
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as convective available potential energy (CAPE) must be used as a proxy with precipitation 

controlled for (Saleh et al., 2023). 

 

Precipitation is an important meteorological control on wildfire, with different effects on 

different timescales. At daily timescales, precipitation can rapidly wet fine fuels, decreasing the 

probability that an ignition will propagate. Precipitation events can also extinguish active fires. 

Dry spells are an important shorter-term control on wildfire because bulky litter and deep fuel 

beds require longer periods to dry (van Wagner, 1974; Cohen and Deeming, 1985). Over 

monthly timescales, drought can strongly affect live fuel moisture. Canopy moisture content 

decreases at lower water potentials (Scarff et al., 2021) increasing the likelihood of crown fire. 

Extreme drought can also cause plant mortality from hydraulic failure (McDowell et al., 2008) 

leading to higher dry, dead fuel loads and more intense wildfires (Stephens et al., 2018). At 

seasonal and longer timescales, precipitation acts primarily as an influence on other variables 

such as plant productivity and snow cover. Long periods of high precipitation promote plant 

growth, increasing wildfire likelihood if followed by dry conditions. Snow cover can suppress 

wildfire likelihood (Hessilt et al., 2024), and earlier snowmelt has been linked to a longer pre-

season drying period and greater burnt area in some regions (O’Leary et al., 2016). Despite 

being influenced by precipitation, these effects can be accounted for directly.  

 

Evapotranspiration is the loss of moisture to the atmosphere, via transpiration from plants and 

evaporation form the soil. When water is available in the soil, evapotranspiration increases with 

radiation, wind, and the vapour pressure deficit (VPD) (FAO, 1998). These three variables 

determine water vapour loss through the leaves when stomata are open, and evaporation from 

dead fuels and soil. VPD directly relates to the difference between the atmospheric absolute 

humidity capacity, the vapour mass at a relative humidity of 100%, and its actual ambient value. 

VPD is therefore the key control on the diffusive force between saturated air adjacent to a 

moisture source and the surrounding atmosphere (Anderson, 1936). Accumulated VPD can be 

used as a measure of the long-term drying potential on a landscape and determines live fuel 

drying and plant mortality during dry periods (Grossiord et al., 2020). VPD is strongly 

influenced by temperature, so is generally high in the day and lower during the night (Swain et 

al., 2025). Low VPD at night is an extinction ‘barrier’ for wildfires, since at low VPD plant 

moisture levels can increase to a point where fire cannot propagate (Balch et al., 2022). 

Alternately, extreme VPD maxima can drive very low fine fuel moistures associated with 

extreme wildfire behaviour (Matthews, 2014; Resco de Dios et al., 2022). Whilst VPD and fuel 
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drying increase in response to warmer temperatures, cold temperatures can also desiccate plants 

– freezing otherwise available moisture in the ground and plant tissues resulting in more 

combustible plants (Davies et al., 2010). 

 

Wind is a control on fuel drying, but it is also important for driving wildfire spread and causing 

large wildfires (Moritz et al., 2010; Srock et al., 2018). Surface wind is also associated with 

atmospheric instability, which increases vertical motion in the atmosphere. Wildfires can also 

generate their own wind systems, an effect controlled by atmospheric instability – which relates 

to the ease of vertical motion of air in the atmosphere. Higher instability allows for a greater 

updraft from a wildfire, which can allow for extreme fire behaviour. This could be a greater 

indraft to the fire front leading to faster fire spread (Haines, 1988), or more exotic behaviour 

such as the formation of fire whorls (Forthofer and Goodrick, 2011). Once large, wildfires self-

generate atmospheric instability through a convective plume. In rare cases such plumes may 

collapse, causing an intense downdraft and extreme fire behaviour (Werth, 2011). Whilst 

atmospheric instability is complex, it can be characterised by CAPE. 

 

Through these meteorological controls on fuel conditions and fire dynamics, climate is an 

emergent control on wildfire. Atmospheric moisture capacity responds exponentially to 

temperature (Manabe and Weatherald, 1967) making VPD extremes much more likely in 

warmer climates. Drought and very wet years are both more likely with high atmospheric 

moisture capacity (Swain et al., 2025). This increases the likelihood of years with beneficial 

growing conditions and high fuel productivity followed by drought, which can lead to an 

extreme fire season (Madakumbura et al., 2025). Patterns of climate variability such as El Niño 

Southern Oscillation or the Arctic Oscillation are known to influence the jet position, which can 

influence midlatitude weather patterns and storm tracks (Eichelberger and Hartmann, 2007; 

Soulard et al., 2019) and have a resulting effect on pre-fire-season fuel moisture. Atmospheric 

blocking events resulting in persistent hot conditions have been linked to extreme fire seasons 

in the extratropics (Gedalof et al., 2005; Antokhina et al., 2023), the frequency and intensity of 

which has also been linked to global climate modes (Barriopedro et al., 2006). 

 

Fuel availability is another essential factor for wildfire occurrence. Fuel availability is limited 

in urban areas, rocky and snow-covered terrain, but is also limited in tundra, deserts and semi-

arid areas. Wildfire spread is limited by vegetation connectivity. Discontinuity in vegetation 

cover can control fire development due to natural barriers such as bodies of water or less 
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flammable vegetation, or due to human development such as roads and fire breaks (O’Donnell 

et al., 2010; Janssen and Veraverbeke, 2025). Changes in landscape fragmentation by people 

limits the size of wildfires but also can result in drying at vegetation edges and the introduction 

of more ignitions. Road fragmentation therefore results in an overall global decline in burnt 

area but an increase in fire occurrences and intensity (Bowring et al., 2024). The regional effect 

on burnt area depends on whether an ecosystem is fire-adapted or not (Harrison et al., 2021). 

In ecosystems more adapted to wildfire fragmentation reduces burnt area, while in non-adapted 

environments fragmentation leads to increased fuel drying and wind speeds causing increased 

wildfire. Though this effect does not apply in the most fire-prone environments, as human 

fragmentation has little additional effect on open and grass dominated vegetation. In fire-prone 

forests, wildfires create a mosaic of unburnt and burnt vegetation that limits subsequent wildfire 

size and intensity by areas of no vegetation (Kolden et al., 2012). This is the basis of mosaic or 

patch burning practices to mitigate wildfire danger. 

 

The amount of vegetation ultimately determines the available fuel load. The productivity of 

vegetation is therefore a key determinant of the amount of live and dead fuel, with recent work 

finding that ecosystem-level productivity is of rivalling predictive power to meteorological 

drivers in wildfire models (Haas et al., 2024; Harrison et al., 2025b). At a given fuel moisture 

level, higher GPP and consequent fuel loads would mean more frequent and intense wildfire. 

However, high productivity requires a moist environment that suppresses fuel combustibility 

and results in less wildfire. Similarly, in highly flammable dry conditions, low productivity 

limits wildfire (Van der Werf et al., 2008). Due to transpiration, nondormant live vegetation is 

moister and less ignitable than dead vegetation, meaning that dead fuel availability is the 

primary fuel control on wildfire viability in the growing season (Chuvieco et al., 2004; Little et 

al., 2024). This dead fuel is an unstable energy pool, which can be released either through rotting 

or burning. Dead fuel loads are determined by the productivity rate of vegetation and how long 

it takes for this material to decay. Decomposition rates are determined by an environments 

moisture and temperature (Bunnell et al., 1977) and the litter’s lignin and nitrogen levels on 

decomposition (Aerts, 1997; Grootemaat et al., 2015) 

 

Plant traits influence flammability, fire dynamics and post-fire ecosystem recovery. Plant traits 

that convey adaptations to fire can be subdivided into four categories (Pausas et al., 2017; 

Popović et al., 2021). Firstly, there are traits that result in faster fire spread and consequently 

less burnt biomass per area. This increases survival chances and benefits plants that flower post-
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wildfire. These include leaf traits that result in finer, less densely packed fuels such as through 

higher specific leaf area (SLA), curled leaves, and higher leaf surface to volume ratio, as well 

as the presence of volatile organic compounds (VOCs) (Burton et al., 2020; Chen et al., 2023). 

Mixed sources of leaf litter combine non-additively, with the spread rate driven by the most 

flammable leaf type (de Magalhães and Schwilk, 2012). Secondly, there are traits affecting plant 

survival of wildfires in these faster spreading, lower intensity fire regimes, such as savannah. 

Thicker or lower density bark (Pellegrini et al., 2017; Nolan et al., 2020) increases trunk 

resilience to scorching. When the base of the canopy is higher, the chance of fire affecting the 

branches is reduced (Blauw et al., 2017). A higher canopy base or thicker bark comes with a 

higher carbon cost and reduces but does not eliminate plant combustibility. Such traits are 

therefore most common where fires are frequent but less intense (Pausas et al., 2017), where 

they confer the greatest difference between plant mortality and survival. Resprouting of new 

shoots after a plant is damaged is also more common in more fire-prone environments (Shen et 

al., 2023). Resprouting is possible from the plant base and stem (Clarke et al., 2012) though can 

be limited by water stress (Resco de Dios et al., 2020). Though in very frequent fire 

environments, seeding grasses are more competitive (Simpson et al., 2020) as carbon stored in 

the meristem by resprouters can be depleted beyond that the plant has been able to invest. 

Thirdly, there are traits associated with higher heat release and plant mortality, which favour 

species that can rapidly regrow or re-establish. The amount of fuel concurrently burning 

determines the fire intensity. Intensity is therefore higher when there is more fuel, coarser fuels 

that burn for longer, and ladder fuels that promote crown fire. Whilst fuel loads and structure 

are also controlled by other environmental factors, plant traits contribute through effects on 

canopy bulk density, litter packing and branch structure (Pausas et al., 2017, Blauw et al., 2017). 

Litter decomposability, which affects fuel loads, has been found to be decoupled from leaf size 

and shape traits that affect litter density and the rate of wildfire spread (der et al., 2017). The 

litter load and litter density can therefore be treated as independent plant-trait driven effects on 

surface flammability. Fourthly, there are traits affecting post-wildfire regrowth in severely burnt 

areas. These include serotiny, the triggering of germination of dormant seeds by heat or smoke, 

or resprouting from below-ground meristems.  

 

Vegetation structure is a key influence on whether wildfires are primarily surface fires or 

transition to crown (or canopy) fires. Surface fires burn vegetation close to the ground and occur 

primarily in grassland and shrubland, although they can also occur in lower energy forest 

wildfires. Crown fires are more intense and fast spreading (Rothermel, 1983). They result in 
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more ignitions from radiative transfer and ember transport (Cohen and Butler, 1996) and are 

harder to manage. The likelihood of a transition from a surface to crown fire is more likely in 

denser forest, or where there are ladder fuels, lower basal branches, and higher canopy dry mass 

(Alexander, 1988). Ground fires can also occur in high biomass organic soils such as peatlands 

and wetlands. These must be subject to significant drying to ignite and are slow burning because 

of limited availability of oxygen. Consequently, ground fires can persist for very long periods 

and result in significant net emissions (de Groot, 2012). The likelihood of fire spreading from 

intense crown fires to ignite organic soils in boreal forest is affected by species variation in 

structure and chemistry (Blauw et al., 2017). 

 

While people are an important source of ignitions, they also reduce the occurrence of large 

wildfires. This can be intentional through suppression of active fires through fire-fighting 

activities or through pre-fire vegetation management to reduce fuel loads or create firebreaks. 

Wildfire suppression is limited in extreme wildfire conditions, with the most extreme fires able 

to cross firebreaks, resist suppression, and pass through heavily developed land cover (Jacobo, 

2025). Human suppression can also be unintentional: the use of land for infrastructure or 

agricultural fragments the landscape and creates artificial firebreaks. Long term wildfire 

suppression can result in an increasingly connected landscape with high fuel loads outside of 

the natural equilibrium, which can cause more severe and impactful wildfire events (Moritz et 

al., 2014; Kreider et al., 2024). Fire-excluding suppression policies in many regions have had a 

significant effect on the fire regime, increasing the chance of extreme wildfire late in the dry 

season and changing the fuel profile (Moura et al., 2019). Many societies have a historic culture 

of vegetation fire use (Smith et al., 2022), with changes to these practices resulting in permanent 

changes to ecosystems and human-fire relationships (Bowman et al., 2020). 

 

One key influence on the wildfire regime is human fire use. Intentional fires can escape and 

evolve into wildfires (Perkins et al., 2024), as well as reducing fuel loads and altering the 

vegetation cover. Smith et al. (2022) identify multiple types of intentional human fire use 

globally. First, agricultural fire use has been used historically across the globe to clear land for 

semi-permanent or swidden agriculture (Temudo et al., 2020), to establish permanent farms and 

plantations (Temudo et al., 2020), and to clear weeds and pests (Ditomaso et al., 2006). Second, 

pastoralists use fire to clear land and decrease predation rates for grazing livestock, as well as 

to promote high-quality forage from post-fire regrowth (Butz, 2009; Thapa et al., 2022). Third, 

fire is used to improve conditions for hunted species (Vaarzon-Morel and Gabrys, 2009), as a 

20



 

 

hunting tool (Welch, 2014), and to increase accessibility for fishing (Sletto, 2011). Fourth, fire 

can be employed as a tool in gathering and foraging to improve visibility and production of 

desirable plants (Long et al., 2017), and to aid in the collection of wild honey (Mulder et al., 

2000). Fifth, fire can be used to produce fuel and charcoal for cooking fires (Butz, 2009) and 

to speed the drying of bulky fuels (Kepe, 2012). Sixth, fire can be used to reduce the risk of 

wildfires to people, with prescribed fire commonly used to combat wildfires and reduce future 

wildfire risk (Manzello et al., 2020). Seventh, fire also has sociocultural uses for signalling 

(Lewis and Clark, 1805), in arson and protest (Seijo, 2005), and in cultural practices (McKemey 

et al., 2019). Many of these types of fire use have substantial impacts on the fire regime through 

the intentional reduction of tall grasses, shrubs and trees, resulting in a lower intensity grassland 

fire regime. Each fire use has a different associated likelihood of escape, with fire use with no 

control measures, pasture management and vegetation clearance having the highest associated 

rates of escape (Perkins et al., 2024). 

 

Given the large number of effects driving changes in ignition likelihood, the fuel regime, and 

wildfire development, it can be complex to identify the optimal set of predictors for a wildfire 

event. Predictors selection is often based on a general understanding of important effects or is 

simply based on previous studies (Haas et al., 2024) – capturing the key categories of effect, 

but not the large number of specific variables that could be used. In this thesis, the conceptual 

understanding of the different controls on wildfire are each accounted for by a range of 

candidate predictors for each type of effect (given in Table 1, with more detail in Chapter 2, 

Table A1). 

 

Table 1: This table shows the categories of different types of control on wildfire discussed in 

this section, and how they map onto the predictors used in the wildfire occurrence model 

described in Chapter 2. Indirect predictors of wildfire control types are shown in italics – these 

were used either due to data quality and availability issues for variables describing direct effects, 

or because the variable also describes a different causal effect on wildfire. A detailed overview 

of the exact predictors used in Chapter 2 is available in Chapter 2, Table A1. 

Type of Control on Wildfire Predictors Considered in Chapter 2 

Accidental Anthropogenic Ignition Population density (rural and total), Landscape 
access (roads, trails, roughness), Industry 
(powerlines, railroads), Land-use (cropland) 
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Human Suppression and Intentional 

Fire Use 

Population density (rural and total), Landscape 
access (roads, trails, roughness), Land-use 
(cropland) 

Lightning Convective available potential energy (dry days and 
all days) 

Recent Precipitation Dry days, Precipitation volume (daily, 5-daily), Soil 
moisture (multiple layers), Snow cover 

Seasonal Precipitation Plant productivity (over different antecedent time 
periods), Aridity and annual soil moisture 

Evapotranspiration Temperature (mean, maximum, minimum and range), 
Vapour pressure deficit (day, night, and over different 
antecedent time periods), Relative humidity, 
Insolation, Elevation 

Wind and atmospheric instability Surface windspeed, Convective available potential 
energy 

Fuel Continuity Population density (rural and total), Landscape 
fragmentation (roads, trails, railroads, roughness), 
Plant productivity 

Fuel Amount Plant productivity (over annual to multiannual time 
periods), Aridity and annual soil moisture 

Live Fuel Moisture Plant productivity (over different recent time periods) 

Plant Flammability Traits Plant cover type, Aridity and annual soil moisture 

Veg Structure Plant cover type 

 

The best combination of predictors in a wildfire model can be comprehensively tested with a 

flexible variable selection algorithm. Ultimately, models converge on a set of important 

variables (figure 2). Annual or multiannual productivity and recent productivity are both 

important, predicting fuel loads and live fuel moisture respectively. Key meteorological 

predictors relate to atmospheric heat, humidity and recent precipitation. And the important 

effects of sparse populations are captured through rural population density, roads and cropland. 

For most of these models, snow cover and vegetation type fractions are also selected. Adding 

additional variables results in a more predictive model, but increased model complexity can 

also result in overfitting and difficulty in interpreting the model output. The most appropriate 

number of variables can therefore be selected using an information criterion which balances 

model fit against the number of variables used in the model.  
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Figure 2: Occurrence rate of selected predictors for 1000 n-variable fire occurrence models 

trained in the contiguous United States. The number of variables considered was up to twelve, 

after which key drivers were roughly stable. Models were based on a generalised linear model 

(GLM), predicting the daily likelihood of a wildfire occurrence >0.1ha. Each model was trained 

on one million randomly sampled data points. Acronyms used are DTR (diurnal temperature 

range), GPP (gross primary productivity), VPD (vapour pressure deficit), CAPE (convective 

available potential energy). Adapted from work derived from this thesis, presented in Haas et 

al. (2024). 

 

Many factors influence the occurrence of wildfires, but these factors cannot be applied in 

isolation and the interactions between them gives rise to emergent relationships. The 

intermediate fire occurrence-intensity hypothesis (Van der Werf et al., 2008) states that in high 

productivity environments wildfire occurrence and intensity are low due to high moistures, and 

in dry, low productivity environments wildfire occurrences are low due to a fuel limitation but 

more intense due to the dry fuel. The consequence of this is that wildfire occurrence is highest 

in moderately moist, moderately productive environments that are associated with intermediate 

fire intensity. Across annual GPP and VPD gradients, wildfire daily occurrence frequencies and 

fire size follow humped relationships in the contiguous USA. The highest burnt area is found 

in dry but non-arid environments (figure 3). Wildfire size and burnt area decrease in response 

to higher population density (Bistinas et al., 2014), whilst occurrence likelihood increases then 
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decreases – shown for the contiguous US in figure 3. Higher ignition rates initially increasing 

with population density until approximately 200 people per km2, before decreasing in more 

developed environments.  

 

 
Figure 3: Original results illustrating the humped response of wildfire occurrence and size to 

predictor variables in the contiguous USA. Top row: mean annual number of fires as a function 

of daily vapour pressure deficit, GPP over prior year, and population density. Bottom row: 

mean fire size as a function of daily VPD, total GPP over prior year, and population density. 

This plot is an original and unpublished result. 

1.3 The Past, Present and Future of Wildfire 
Wildfire is an integral part of the Earth system, having an effect on, and being affected by, 

vegetation, people and climate. There is evidence that wildfires have occurred since the 

emergence of vascular plants (Scott, 2000) and have consequently shaped the evolution of 

vegetation on Earth (Keeley et al., 2011). People also have co-developed with wildfire. Fire has 

been used by humans since before the development of agriculture (Pyne, 2001), and with recent 

population growth and land-use change driving an increase in wildfire from the late 18th century 

and a subsequent decline in the post-industrial era (Marlon et al., 2008). Current climate and 

land-use are rapidly shifting, with an effect on wildfire. There is an apparent statistically 

significant decline in global burnt area (Andela et al., 2017) but this is not consistent across 

datasets (Forkel et al., 2019a). Rigorous testing of the trend finds no global trend but declining 

trends at different rates in some regions (Zubkova et al., 2023). Despite this apparent decrease 
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in area, the most intense wildfires have more than doubled in frequency and intensity globally 

in the last two decades (Cunningham et al., 2024), with this trend expected to continue in the 

future. 

 

The first appearance of charcoal in the fossil record is at approximately 420 Myr BP, about 10 

Myr after the first evidence of higher-biomass vascular plants (Berner, 2006; Harrison and 

Morris, 2017). Thereafter, wildfires occur throughout the fossil record whenever atmospheric 

oxygen is sufficient for ignition, at about 13%. Wildfires became widespread after the 

emergence of forests (Scott, 2000), especially when atmospheric oxygen concentrations were 

above 25% (Scott and Glasspool, 2006). Given this fire history, plants have evolved a range of 

adaptations to fire that can in turn affect the wildfire regime. Over geologic timescales, it has 

been suggested that the emergence of fire-adapted grasslands has affected regional climate, 

further promoting wildfire. Specifically, an increase in wildfires with the emergence the 

savannah biome has been linked to increases in regional drought through a reduction in 

evapotranspiration and cloud duration (Beerling and Osborne, 2006).  

 

Early humans originated in the highly wildfire-prone African savannah approximately 2 Myr 

BP. The origin of human fire-use (Bowman et al., 2009) and the evolution of our relative 

tolerance to air pollution (Platek et al., 2002) have both been linked to the prevalence of fire in 

this environment. Evidence that fire has influenced human evolution is the divergence in the 

hominoid molar size, indicating cooking fire use up to 1.9 Myr BP (Organ et al., 2011), and the 

first archaeological evidence of cooking fires 780 kyr BP (Zohar et al., 2022). In recent geologic 

time wildfire activity has varied considerably, with disagreement as to the extent of the human 

role in these trends (Bowman et al., 2011). Since the end of the Last Glacial Maximum (LGM), 

approximately 22 kyr BP, there has been an increasing trend in wildfire activity. This can be 

explained almost entirely by the changes in climate and CO2 levels (Daniau et al., 2010; Daniau 

et al., 2012; Haas et al., 2023). As human populations have been low until recent centuries, the 

impact of human fire use is likely small. Haas et al. (2023) constrain the contribution of people 

to LGM burnt area as less than 5% in Europe, Africa and Australia. In the last two millennia 

global fire activity declined until approximately 1750, rapidly rose until 1870, before sharply 

declining again. These trends are visible in both the ice core and charcoal records. These trends 

can be respectively attributed to cooler northern hemisphere temperatures, early land use 

change and population expansion, and landscape fragmentation (Marlon et al., 2008; Marlon et 

al., 2013). 
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Global burnt area is mostly driven by fire in sub-Saharan Africa, with secondary contributions 

from Central and South America, Central and Southeast Asia, and Australia (Figure 4). Linearly 

fitting the 1998-2015 Global Fire Emissions Database (GFED4s) satellite record, there is an 

approximately 25% decline in global burnt area (Andela et al., 2017). However, Forkel et al. 

(2019a) found that the global trend is not statistically significant for all satellite fire datasets. 

Furthermore, the slope of each trend is very sensitive to the start and end dates of the 

observation period. Using the MCD64A1 MODIS record, Zubkova et al. (2023) identified 

significant declining trends in Europe, sub-Saharan Africa and Central Asia but no significant 

trend in other regions of the world. Even though burnt area has declined over the past two 

decades, the frequency and intensity of extreme wildfires has strongly increased in the same 

period. The frequency of the 99.9th percentile of wildfire by intensity (summed fire radiative 

power) has increased 2.2 times from 2003-2023 and the average intensity of the 20 most intense 

annual wildfire events has increased 2.3 times (Cunningham et al., 2024). This increase in 

extreme wildfires is a consequence of emerging fire weather extremes driven by climate change 

(Abatzoglou et al., 2018). Whilst climate attribution studies have to this point only considered 

the meteorological component of the wildfire hazard, the concurrent fire weather observed with 

wildfire extremes has been attributed to climate change in Canada (Kirchmeier-Young et al., 

2019; Barnes et al., 2023), Mediterranean France (Barbero et al., 2020), California (Williams 

et al., 2019, Barnes et al., 2025a), Australia (van Oldenborgh, 2021), the Pantanal (Barnes et 

al., 2024), and Korea (Barnes et al., 2025b). 

 
Figure 4: Total monthly mean burnt area from version 5 of the Global Fire Emissions Database 

(GFED5) (Chen et al., 2023) 
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There is a strong interest in understanding and projecting future wildfire, motivated by the 

regional changes in burnt area and emerging wildfire extremes. and extreme fire weather 

(Abatzoglou et al., 2018). A UN Environment Programme report (Sullivan et al., 2022) also 

predicted a global rise in burnt area, and an increase in the likelihood of extreme wildfire events 

of 31-57% by 2100. The uncertainty on this estimate accounts for possible model parameters 

and Representative Concentration Pathways RCP2.6 and RCP6.0. However, this study does not 

account for the additional aleatoric uncertainty that results from the stochastic nature of fire. 

1.4 Impacts of Fire on People 
The most substantial overall impact of wildfire on physical health comes from the exposure of 

communities to smoke. Wildfire smoke contains irritant and carcinogenic gases including 

carbon monoxide, nitrogen oxides and polycyclic aromatic hydrocarbons; as well as 

microscopic particulates smaller than 2.5μm (PM2.5) that can penetrate and inflame the 

respiratory system, causing a range of range of respiratory and cardiovascular health impacts 

(Naeher et al., 2006). Large-scale wildfire events can result in very high PM2.5 levels. During 

the 2023 wildfire season in Canada, PM2.5 concentrations of over 100μg/m3 were recorded in 

all Canadian provinces (Jain et al., 2024), as well as in Oregon and California (Dinavahi and 

Archer, 2025). In the 2019/2020 Australian Black Summer, concentrations of over 1000μg/m3 

were recorded in densely populated areas (Johnston et al., 2020). Extreme PM2.5 

concentrations are driven by smoke transport and stagnation, and the volume of biomass burnt. 

In the Central Californian Valley, for example, persistent pollution occurs when smoke is 

trapped by high-pressure systems, prevailing winds and the surrounding mountains (LaDochy 

and Witiw, 2023). Extreme concentrations resulting from high volumes of burnt biomass from 

Indonesian peat burning affects air quality in cities such as Singapore and Pekanbaru (Crippa 

et al., 2016) and has produced PM2.5 concentrations of over 7000μg/m3 in Sumatra (Fujii et 

al., 2014). Elevated PM2.5 levels are the primary driver of negative health effects from 

vegetation fire, which is defined here as both wildfire and human fire use. PM2.5 has been 

linked to the exacerbation of asthma, chronic obstructive pulmonary disease, respiratory 

infections, cardiac failure and heart disease, lower birthweights and more young infant deaths, 

and the toxic inflammation of lung cells (Reid et al., 2016). The mortality from vegetation fire 

smoke, not including cooking fires, has been estimated at 260-600,000 annual excess deaths 

globally (Johnston et al., 2012), with the greatest concentrations in sub-Saharan Africa and 

Southeast Asia. Modelling indicates vegetation fire PM2.5 caused 3.8 million annual excess 
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deaths in 749 cities from 2000-2016 – an approximate 2% increase in all-cause mortality for 

every 10μg/m3 increase in vegetation fire related PM2.5 (Chen et al., 2021). This is likely a 

conservative global estimate, as Chen et al. (2021) do not include rural areas and have poor 

coverage of cities in sub-Saharan Africa and India. Higher mortality rates have been estimated 

for some regions, for example a 3% effect per 10μg/m3 found for Brazil (Ye et al., 2022).  

 

Direct wildfire deaths from asphyxiation, burning or impact are low compared to those from 

smoke. Though global estimates are unreliable, in the USA, there were an average of 18 direct 

annual deaths for 2007-2020, in comparison to an estimated 11,415 annual deaths from wildfire 

smoke exposure (Ma et al., 2024). In addition to deaths and physical health consequences, 

wildfire events have been associated with mental health effects, including increased post-fire 

rates of post-traumatic stress disorder, depression and anxiety (Moosavi et al., 2019; To et al., 

2021). Following the Black Saturday wildfires in 2009 that killed 173 people and destroyed 

2133 houses in Victoria, Australia (Pascoe et al., 2010), rates of post-fire depression and alcohol 

abuse remained high even ten years after the event although post-fire stress disorders 

moderately declined in the same period (Bryant et al., 2021). 

 

Wildfire can also have financial consequences. Annual losses from wildfires globally have 

increased since 1960. From 2020-2023, they were approximately 0.012% of the global gross 

domestic product (GDP) (Poduška and Stajić, 2024). Wildfire can also affect long term 

economic growth. In southern Europe, if a region experiences a wildfire, GDP growth is on 

average reduced by 0.1-0.2% (Meier et al., 2023). However, global data on the economic 

impacts of wildfires is often strongly biased towards rich developed countries, especially the 

USA. The main mechanism through which financial losses are reported is via insurance claims. 

These are much better represented in developed economies with high property values and where 

insurance against wildfire is widespread. The USA provides an example of how financial risk 

from wildfire has changed in a highly developed, fire-prone country. From 2011-2024 the 

average annual number of structures destroyed by wildfire was 6,900 (NICC, 2025). The 

average annual insured losses were 3.7 billion USD (at 2025 equivalent rates, MunichRe, 2024). 

However, annual wildfire losses in the USA are highly variable and are characterised by large, 

rare events. There have been only three years since 1980 with USA insured losses over 5 billion 

USD, but these years had average losses of 18 billion USD (MunichRe, 2024). The 2025 Los 

Angeles wildfires are estimated to have caused property and capital losses between 95 to 165 

billion USD, with 75 billion USD insured (Li and Yu, 2025). If these claims are realised, insured 

28



 

 

losses from these wildfires would equal approximately 0.07% of the global GDP in 2024. There 

has been a trend in regions of increasingly extreme climate-related risk, for insurers to exit these 

markets. This is the case in Californian, with state-backed programmes having to act as last 

resort insurers at high public cost (NPR, 2025). 

 

An additional cost of wildfire is to business interruption through loss of infrastructure, 

employment and customer base. This has not been well documented in the case of wildfire, 

though Thomas et al. (2017) made comparisons between wildland-urban interface (WUI) 

wildfires and low intensity hurricanes in their average business-interruption impacts, at an 

average of 140 billion USD (Burrus et al., 2002). Industries reliant on an intact landscape are 

especially vulnerable to wildfire, with significant losses in the tourism industry associated with 

large wildfire events (Carruthers, 2020). Wildfires also harm to agroforestry resources. In the 

USA, wildfire accounted for 14% of forest stock carbon removals from 1941 to 2017 (Magerl 

et al., 2023). Wildfire smoke exposure can also ruin vine harvests (Madhusoodanan, 2021).  

 

Reported USA fire statistics show a minor decreasing trend in wildfire events and a minor 

increasing trend in burnt area over the last four decades (Figure 5, top panel) as a result of the 

increasing potential for larger fires in the US with climate change (Barbero et al., 2015). 

However, the impacts of wildfire have increased in the same time period, driven by high-cost 

wildfires in the WUI. The WUI expanded in the USA between 1990 to 2010, both in area and 

the number of structures. The WUI housing density further increased from 2010 to 2020 (figure 

5, middle panel). Impacts are particularly high in the Western USA wildland/rural urban 

interface due to the intermediate population density, as catastrophic wildfires are less likely in 

the more densely populated regions like Mediterranean Europe in comparison to less populated 

but similarly fire-prone regions such as the western USA or southeastern Australia (Moritz et 

al., 2014; Bowman et al., 2017).  

 

Suppression costs, structures destroyed and insured losses have all increased significantly in 

real terms (figure 5, bottom panel). Though the dependence of losses on extreme destructive 

wildfire events in high value areas does introduce considerable noise into the timeseries. The 

2018 Camp fire, for example, which resulted in 16 of the total 23 billion USD annual losses. 

Media reporting of wildfire events often uses explicitly apocalyptic language (Reilly, 2025; 

Willis, 2025; Sherriff, 2025). Doerr and Santín (2016) show that there was no clear increasing 

trend in global wildfire losses up to 2012 but that awareness of wildfire in the West has 
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increased with rising WUI exposure and suppression costs. They argue that this framing of 

wildfire as a “problem” is a consequence of human settlement in fire-prone regions, or 

introduction of fire into non-adapted regions. This effect is a key driver of the increasing 

prominence of wildfire in the public-consciousness and increasing insurance losses. However, 

there have been a large number of extreme and highly damaging wildfire events globally since 

2012, which have been attributable to climate change (Kirchmeier-Young et al., 2019; Barbero 

et al., 2020, Williams et al., 2019, Barnes et al., 2025a, van Oldenborgh, 2021, Barnes et al., 

2024, Barnes et al., 2025b). 

 
Figure 5: Illustration of the hazard, exposure and impact of wildfires. Top panel, annual trends 

in US fire numbers and burnt area (NIFC, 2024). Middle panel, annual trends in the US 

wildland urban interface area and number of properties (USDA, 2023). Bottom panel, insured 

losses (MunichRe), structures destroyed (NICC, 2025), and suppression costs (NIFC, 2024). 

 

Wildfire can also impact people indirectly by exacerbating other natural hazards. Wildfire 

events can diminish soil integrity, increasing the likelihood of landslides (Cannon et al., 2010). 

Wildfires can enhance water repellence at the soil surface (Arcenegui et al., 2008) increasing 

run-off and consequent flood volume (Soulis, 2017). Large wildfires have been linked to 
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warmer surface temperature due to the destruction of temperate and boreal forest, increasing 

the likelihood of extreme heat hazards (Zhao et al., 2024). Wildfire activity is also increased by 

other natural hazards such as volcanic eruption, drought, lightning, extreme heat, and meteoric 

impact (Gill and Malamud, 2014).  

1.5 Impacts on the Earth System 
Climate change has increased fire-prone conditions (Smith et al., 2020), but wildfire can also 

affect climate change through the land surface energy budget and atmospheric chemistry. The 

surface energy budget can be altered by wildfire through albedo-induced changes in shortwave 

radiation absorption. Wildfires affect albedo directly by darkening the surface (Zhao et al., 

2024). In snow covered regions, wildfire reduces the albedo of non-forested land through 

carbon deposition but increases forest albedo through canopy loss exposing the underlying 

snow (Gersh et al., 2022). The immediate reduction in albedo in grasslands is followed by an 

overall brightening through regrowth, resulting in a net albedo increase (Flegrová and Brindley, 

2025).  

 

CO2 emissions from wildfire result in higher atmospheric greenhouse gas concentrations, even 

when discounting net wildfire emissions from long-term carbon sinks through peatland or 

deforestation fire. This is because the reduction in land carbon pools must be balanced by an 

increase in carbon resident in the atmosphere. Harrison et al. (2018) find that the overall 

increase in wildfire per degree of warming results in an additional 2.4-8.8 ppm CO2. This 

positive feedback was estimated by Burton et al. (2024a) to decrease the global carbon budgets 

required to maintain temperatures below 1.5°C or 2°C by approximately 5%. Wildfires also 

emit other greenhouse gases (Ito et al., 2007), including methane, and nitrogen oxides which 

are a very strong greenhouse gases that can also react with VOCs to increase tropospheric ozone 

(Xu et al., 2021). Microscopic particles emitted by wildfires impact the global energy budget 

by acting as cloud condensation nuclei and increasing cloud cover and also by directly 

scattering incoming shortwave radiation (Jiang et al., 2020). In addition to these cooling effects, 

absorbative black carbon particulates can have a warming effect in the middle and lower 

atmosphere (Liu et al., 2014).  

 

Total annual emissions from wildfires are approximately 2.1 PgC (van Wees et al., 2022), with 

net annual emissions from deforestation and peat fire equivalent to approximately 0.4 PgC (van 

der Werf et al., 2017) which is about 1% of total annual emissions from fossil-fuels and land-
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use change (Ritchie and Roser, 2020). The sign of the overall effect of wildfire on global 

temperature is dependent on balancing the warming effect of terrestrial biomass loss to 

atmospheric carbon and the cooling effects of aerosols. There is high uncertainty on both of 

these effects in models (Hantson et al., 2020; Hamilton et al., 2025), and on the observed effect 

of aerosols (Liu et al., 2014), meaning that the overall effect of wildfire on climate is highly 

uncertain. 

 

Post-wildfire conditions and vegetation loss can impact a range of localised meteorological and 

hydrological processes. Firstly, wildfire can result in an increase in local temperature. Lower 

albedo from canopy loss and scorched soil has been linked to increased local surface 

temperatures through greater absorption of shortwave radiation in the extratropics (Zhao et al., 

2024). Further, reduced evapotranspiration from vegetation mortality (Ma et al., 2020; Nolan 

et al., 2013) can decrease cooling from latent heat transport, resulting in warmer surface 

temperature and lower humidity. Secondly, depending on burn completeness and the resulting 

vegetation fragmentation, wildfire can either increase or decrease surface roughness (Crompton 

et al., 2021). Large continuous burns that result in lower surface roughness have been linked to 

higher surface windspeeds (Wever, 2012), which contribute to evaporation (FAO, 1998). 

Thirdly, post-wildfire conditions can alter surface water runoff. Fire can increase soil 

hydrophobicity when vapourised organic compounds coat soil particles in a hydrophobic film 

(DeBano, 1981). This increases run-off most strongly in loose or sandy soils and can be 

enhanced by the destruction of otherwise absorptive litter and vegetation (Doerr et al., 2005). 

However, post-fire ash deposits can absorb water (Cerda and Doer, 2008) and wildfire can 

reduce water repellence in soils that are already highly hydrophobic (Doerr et al., 2005). 

 

Wildfire is important for maintaining open vegetation, such as grasslands, and fire-adapted 

ecosystems, such as savannas. In the absence of fire, these ecosystems are likely to become 

forests. The effect of fire on global vegetation cover has been assessed using dynamic global 

vegetation models (DGVMs) in fire-enabled simulations and counterfactual simulations 

without fire. An early estimate (Bond et al., 2004) suggested that forest cover was reduced by 

50% by fire, resulting in a loss of global biodiversity and a reduction in C4 grasslands. However, 

recent work using an ensemble of more sophisticated models only showed a 10% reduction in 

overall tree cover, but with great losses in some regions including a 17% reduction in savannahs 

(Lasslop et al., 2020).  
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The impact of wildfires on biodiversity is dependent on the degree to which the ecosystems are 

adapted to fire. In fire-adapted ecosystems, fire suppression or a climate change driven 

reduction in fire occurrence, will reduce biodiversity. Excluding wildfire from a fire-adapted 

environment disrupts the natural vegetation and its associated habitats (Noss et al., 2006; Moritz 

et al., 2014). However, since ecosystems show different levels of adaptation to fire, increases 

in wildfire occurrence beyond the level to which they are adapted will also cause reductions in 

biodiversity. Changes to the fire regime driven by climate change and increased fuel loads from 

reduced grazing or fire exclusion is a threat to 28% of the endangered or vulnerable taxa 

identified by the IUCN (Kelly et al., 2020), with species native to savannah, grassland, 

shrubland and rocky environments most exposed to this hazard. However, the impact of 

wildfires on biodiversity can be influenced by other factors. Driscoll et al. (2024), for example, 

found that the 2019-2020 wildfires in Australia increased species richness in some areas, but 

had negative impacts in environments already stressed by previous drought or fires. In less fire-

adapted ecosystems, wildfires initiate succession and allows fast-growing pioneer species to 

invade, and this can lead to an overall increase in biodiversity.  Wildfires rarely burn an 

ecosystem completely (Kolden et al., 2012), and the resultant mosaic of burnt and unburnt 

vegetation tends to create greater landscape diversity in forest ecosystems than would be present 

in the absence of fires. 

 

Wildfire also has a strong effect on biodiversity at higher trophic levels. Moritz et al. (2023) 

analysed the effect of fire activity and net primary productivity (NPP) on bird, mammal and 

amphibian species richness per area using a mixed effect model. They showed that fire has a 

stronger additional effect than NPP on mammal richness and an equivalent effect to NPP on 

bird richness. The modelled findings are supported by field studies, with burnt ecosystems 

showing greater species richness for birds (Jorge et al., 2022), mammals and reptiles (Pastro et 

al., 2011) – and a mixed response for amphibians (Hossack and Pilliod, 2011). 

 

Wildfire also plays a key role in nutrient cycling, which can also influence vegetation cover and 

biodiversity. Fire releases nutrients from vegetation, resulting in a significant increase in 

nutrient availability (Chorover et al., 1994).  In addition to local release of nutrients, benefitting 

post-fire recovery, nutrients can be transported either through runoff or atmospheric transport 

(Olsen et al., 2023) and thus become available over a much larger region. The Central African 

(Bauters et al., 2017) and Amazon rainforests (Barkley et al., 2019) both benefit from nutrients 

transported from African savannah wildfires. Similarly, phytoplankton in the Atlantic and 
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Southern Oceans are fertilised by African and Australian wildfires (Barkley et al., 2019; Weis 

et al., 2022). 

1.6 Wildfire and Earth System Feedbacks 
There are multiple feedbacks between wildfires and other components of the Earth system. 

These feedbacks operate on different timescales. At annual to decadal timescales, wildfires 

result in feedbacks to climate through emissions and changes in carbon storage. At decadal to 

millennial timescales wildfires can result in environmental changes through vegetation 

succession and migration, which then affect the fire regime. On longer, multi-millennial 

timescales, the vegetation can become adapted to the wildfire regime. Over geologic timescales, 

wildfire plays an important role in Earth system chemistry through phosphorous weathering, 

deep carbon sequestration, and regulation of atmospheric oxygen concentrations (Archibald et 

al., 2018). 

 

Vegetation evolves traits in partial response to wildfire, which in turn affects the fire regime. It 

has been argued that the evolution of C4 savannah grasses 8 Myr BP was due to their high 

flammability which created fire conditions that enhanced their competitiveness (Beerling and 

Osbourne, 2006). A species with advantageous traits post-disturbance such as rapid growth, 

resprouting or serotiny will experience an evolutionary advantage if it can make an ecosystem 

more flammable. This evolutionary pressure to develop more flammable and intensely burning 

fuels (Bond and Midgley, 1995) has been a major influence on plants such as pines and obligate 

seeders (He et al., 2012; Pausas and Moreira, 2012). Wildfire activity can also pressure the 

evolution of fire-adapted traits for fire resilience and rapid regrowth, though these traits can 

also develop in response to climate (Rosell, 2016) or grazing (Pellew, 1983). That vegetation 

flammability is a primary determinant of the fire regime is questionable. This is because the 

viability of such strategies is also controlled by climate-driven effects on plant productivity and 

fuel moisture, and truly similar environments should see similar convergent adaptations (Pausas 

et al., 2025). It is nonetheless helpful to consider wildfire as an ecosystem process that acts as 

one contributor to the viability of certain vegetation traits in addition to other environmental 

conditions. 

 

Over daily to multimillennial timescales, wildfires can create conditions that increase or 

diminish the likelihood of subsequent wildfires. At the shortest timescales, extreme wildfires 

can cause the ignition of other wildfires or overwhelm human fire suppression systems 
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(Abatzogolou et al., 2020; Magnussen and Taylor, 2012). Depending on the speed of ecosystem 

recovery, the destruction of vegetation by wildfire reduces the likelihood of wildfire at 

multiannual timescales, while the lack of wildfire has the opposite effect (Parks et al., 2015). 

However, fires can lead to local increases in surface temperature and humidity via a post-fire 

decrease in albedo and reduction in evapotranspiration. This increases shortwave radiation 

absorption and reduces latent heat transport to the atmosphere by evapotranspiration (Zhao et 

al., 2024; Liu et al., 2019). The increase in the average surface temperature results in higher 

temperature extremes, which are linked to greater wildfire danger (Gutierrez et al., 2021). 

Wildfire can also reduce surface roughness which increases average windspeed, which again 

increases the likelihood of wildfire (Crompton et al., 2021; Wever, 2012; Rayner, 2007). The 

increases or decreases in wildfire activity, however, generally only have a decadal-scale impact 

because of vegetation regrowth. 

 

Wildfires influence global mean surface temperatures by altering the Earth’s energy budget. 

Ward et al. (2012) model the radiative forcing effect by vegetation fire to be about -0.5 Wm-2 

due to the cooling effect of aerosols. Ward et al. (2012) used the Community Atmospheric 

Model, which has a high estimate of the aerosol cooling effect (Hamilton et al., 2025) and this 

may thus be a lower bound. The effect of wildfire on the carbon cycle and atmospheric CO2 is 

warming, because a world without fire would have more carbon stored in live terrestrial 

biomass that would otherwise be emitted by burning. The consequence of this is an increase in 

wildfire emissions from terrestrial biomass as fire prone conditions increase with climate 

change, resulting in higher atmospheric CO2 levels (Harrison et al., 2018; Burton et al., 2024a). 

Thus, wildfire has a cooling effect on global temperatures through aerosol effects, and a 

warming effect through the limitation on terrestrial carbon pools. Arneth et al. (2010) find that 

the overall effect of wildfire on climate change is uncertain in sign and much smaller than other 

biogeochemical feedbacks. However, a change in the climate and resulting burn conditions 

could significantly shift this forcing in either direction.  

 

Under ongoing climate change, wildfires have an additional warming effect through the 

destruction of large carbon sinks such as peatland and rainforests. Aerosols and black carbon 

can also result in greater ice melt which reduces mid-latitude albedo and increases warming 

(Kang et al., 2020). On longer, multimillion year, timescales wildfires reduce atmospheric 

oxygen levels. Wildfires occur regardless of moisture levels when O2 is higher than 35% and 

cannot occur when levels are lower than 13% (Scott and Glasspool, 2006), resulting in a 
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regulation of atmospheric oxygen. However, wildfire is a minor feedback over geologic 

timescales, lagging changes in the global energy budget forced by the impact changes in solar 

changes on climate. 

1.7 Overview of Wildfire Models 
Current, rapid changes to the global fire regime (Section 1.3) are important to understand, 

especially given the widespread impacts these changes are having, and could have, on people 

(Section 1.4) and the Earth System (Section 1.5). Wildfire modelling is a key part of current 

global assessments of the present and future of wildfire (Sullivan et al., 2022; Kelley et al., 

2025), developed to best capture the complex network of weather, human and vegetation drivers 

and feedbacks with wildfire (Section 1.2, 1.6). Simulations of current or projected wildfires are 

made using fire models integrated into dynamic global vegetation models (DGVMs) forced by 

climate model inputs, which in turn may be integrated into a fully coupled Earth System Model 

(ESM). These fire models, differently implemented in different DGVMs – presented in Table 2 

– vary in approach and complexity. Figure 6 gives an overview of the DGVM-integrated fire 

modelling schemes that took place in the first round of the Fire Model Intercomparison Project 

(FireMIP1) (Rabin et al., 2017; Hantson et al., 2020).  

 

Table 2: Overview of the combinations of DGVMs and global fire models used in FireMIP1 and 

presented in Figure 6. Acronyms and full names are given, as well as citations for each DGVM-

fire model implementation. 

DGVMs Fire Models References 
LPJ-GUESS Lund-Potsdam-Jena General 

Ecosystem Simulator 
GlobFIRM Global Fire Model Thonicke et al. 

(2001) 
SPITFIRE Spread and Intensity of Fire Lehsten et al. 

(2009), Pfeiffer et 
al. (2013) 

SIMFIRE-
BLAZE 

Simulated Fire Induced 
Land-Atmosphere Flux 
Estimator 

Knorr et al. 
(2014) 

CLM Community Land Model Li The Li Scheme Li et al. (2013) 
GlobFIRM Global Fire Model Kloster et al. 

(2010) 
JULES Joint UK Land Environment 

Simulator 
INFERNO Interactive Fires and 

Emissions Algorithm for 
Natural Environments 

Mangeon et al. 
(2016) 

MC2 Second Mapped 
Atmosphere-Plant-Soil 

MC-FIRE Mapped Atmosphere-Plant-
Soil System Soil Organic 

Conklin et al. 
(2016) 

36



 

 

System Soil Organic Matter 
and Biogeochemistry Model  

Matter and Biogeochemistry 
Model Fire Model 

ORCHIDEE Organizing Carbon and 
Hydrology In Dynamic 
Ecosystems 

SPITFIRE Spread and Intensity of Fire Yue et al. (2014) 

JSBACH Jena Scheme for Biosphere-
Atmosphere Coupling in 
Hamburg 

SPITFIRE Spread and Intensity of Fire Lasslop et al. 
(2014) 

CTEM Canadian Terrestrial 
Ecosystem Model 

CTEM Canadian Terrestrial 
Ecosystem Model 

Melton and Arora 
(2016) 

Each fire model consists of a series of modules. Firstly, the fire models include an occurrence 

or wildfire viability module, this predicts the number of wildfires or wildfire-viable days 

depending on the modelling scheme. GlobFIRM, SIMFIRE-BLAZE and MC-Fire have wildfire 

viability modules, where a binary wildfire event is assumed per grid-cell given appropriate that 

fuel conditions. The other models simulate number of wildfire occurrence, either as a 

probability (CTEM) or an expected number of fires (Li, SPITFIRE, INFERNO). All the 

schemes account for fuel moisture, with the occurrence-based modules also containing an 

ignition-frequency sub-module which accounts for human (except SPITFIRE in LPJ-LMfire) 

and lightning ignitions. The occurrence/viability modules can also contain a suppression sub-

module limiting occurrences, which is included in the SIMFIRE-BLAZE, INFERNO, CTEM 

and SPITFIRE models. The wildfire model presented in Chapter 2 predicts the daily probability 

of fire, and could be a viable replacement to any of the probability or count-based wildfire 

occurrence modules. 

 

Secondly, the fire models contain a fire size or spread module. Models that estimate likely 

wildfire size are termed ‘empirical’ and those that directly simulate wildfire duration and spread 

are known as ‘process-based’. This categorisation is independent of the structure of the 

occurrence module, meaning the occurrence model presented in this thesis could be of utility 

to both empirical and process-based methods. Process-based models simulate wildfire duration 

and spread using Rothermel’s equations (Rothermel, 1972) (SPITFIRE and MC-Fire) or via a 

wind and fuel driven fire spread scheme for each plant functional type (PFT) (Li, CTEM). 

Empirical models (SIMFIRE-BLAZE, GlobFIRM, INFERNO) predict overall fire size for each 

fire based on wildfire susceptibility and suppression conditions. Human extinction of fires as a 

function of population density or GDP is included in the Li and CTEM process-based models. 

MC-Fire includes a process-based module to simulate fire size, but calculates overall burnt area 

by an alternate method. Thirdly and fourthly, these fire models also include wildfire emissions 
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and vegetation mortality modules, for use in fully-coupled ESMs, which are beyond the scope 

of this thesis. Overall, fire-enabled DGVMs represent the spatial distribution of fire reasonably, 

but do not represent interannual variability and the timing and spread of the fire season 

throughout the year well (Hantson et al., 2020).  

 

Figure 6 (overleaf): An overview of the structure of global fire models assessed in FireMIP1, 

as described in the paragraphs above. This diagram is based on the papers cited in Table 2, 

and was checked against overviews presented in Rabin et al. (2017) and Haas et al. (2024).   
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Fire-enabled DGVMs integrated into ESMs are adapted to run at shorter time-steps and have 

often been tuned using more recent global fire products (Li et al., 2024). Seven of the twelve 

fire-enabled ESMs in CMIP5 (Kloster and Lasslop, 2017) used GlobFIRM, while the remaining 

models used simpler approaches, including defining fire as a linear function of soil-moisture 

and biomass (Moorcroft et al., 2001), or as implicit in either heterotrophic respiration (Raddatz 

et al., 2007) or all-cause plant mortality (Brovkin et al., 2009). CMIP5 ESMs estimated global 

burnt area to be less than half of the GFED4s estimate though modelled global fire emissions 

fell within the GFED4s range. The disjunct between burnt area and emissions implies the use 

of unphysical emissions factors. CMIP6 fire-enabled ESMs (Li et al., 2024) used a wider array 

of fire models, specifically several different versions of the Li, SPITFIRE, and GlobFIRM 

schemes. The representation of burnt area is better in the CMIP6 models, improving from a 

0.30 to 0.69 spatial correlation with the average burnt area from GFED5, FireCCI5.1 and 

MODIS C6. Emissions for most models are within the observational range.  

 

The ability to simulate wildfire realistically depends on the strength of the causal relationships 

between driving variables and modelled fire outcomes. Forkel et al. (2019b) find that variation 

over time in modelled wildfire does not correspond well to the satellite record in semi-arid and 

temperate ecosystems for FireMIP1 models. Furthermore, these global fire models only show 

agreement with observed burnt area relationships for some meteorological variables, and for 

population density in some models. Other factors, especially vegetation-related variables do not 

show their relationships reflected well in the models. This raises questions about their reliability 

and use for future projections. Estimates of burnt area and emissions totals have shifted 

significantly over the last two decades. GFED4s identified 11% more emissions and 37% burnt 

area than GFED3 (van der Werf, 2017), and GFED5 found 61% more burnt area than GFED4s 

(Chen et al., 2023). This makes it hard to assess the extent to which the improvement between 

CMIP5 and CMIP6 identified by Li et al. (2024) has come from modelling improvements rather 

than better tuning of model parameters. The concern that these models are not adequately 

representing the key processes driving global change in the fire regime (Forkel et al., 2019b) is 

further supported by the finding that CMIP6 fire-enabled ESMs generally do not show the 

correct sign for the global trend in burnt area (Li et al., 2024). 

 

Empirical models have been used to simulate wildfires with some success. Generalised linear 

models (GLMs) are statistical models that fit a sum of continuous variable effects to a specified 

function of the target variable. Haas et al. (2022) used a GLM to model global spatial trends in 
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wildfire, which outperformed the FireMIP models in geospatial burnt area patterns. They used 

the same methodology to predict fire size and intensity. Forrest et al (2024) develop two GLMs 

to model cropland and non-cropland burnt area in Europe. These models also performed within 

the benchmarked range of the FireMIP models. The success of GLM-based modelling of 

wildfires indicates scope for considerable improvements to fire simulation through simple 

continuously varying effects. This is a different strategy to the discontinuous PFT and 

environmental-threshold effects used in the FireMIP1 models. Machine learning methods have 

also been used to represent nonlinear combined effects successfully on sub-continental (Elia et 

al., 2020), continental (Boulanger et al., 2018), and global scales (McNorton et al., 2024; Zhang 

et al., 2021). Whilst it is possible to explain key effects in a machine learning model (Korving 

and Van Marle, 2025), the opacity of machine learning methods makes it harder to protect 

against overfitting. Boulanger et al. (2018) address this by using multiple statistical and 

machine learning (ML) modelling methods to find consensus – balancing respective 

underfitting and overfitting issues. McNorton et al. (2024) start with a limited framework of 

strong causal effects, limiting the possibility of spurious effects being introduced. 

1.8 Limitations of Wildfire Models 
One limitation of fire-enabled DGVMs is in their simulation of the human contributions to fire. 

These processes are exclusively accounted for as ignitions and suppressions, and are modelled 

using simple, globally homogeneous relationships. In reality, human fire-use is widespread and 

spatially diverse (Smith et al., 2022). The poor representation (Forkel et al., 2019b) of human 

effects in fire models contributes to the divergences between fire-enabled DGVMs – which 

even disagree over whether historic population and land-use changes have contributed 

positively or negatively to global burnt area (Teckentrup et al., 2019). The total effect of human 

fire-use is uncertain due to small fire sizes and subsequent disturbance of the fire scar, but is 

estimated to have been between 60 and 120 Mha/yr in the last two decades (Chen et al., 2023) 

in comparison to annual totals of 450 to 800 Mha/yr (Li et al., 2024). Perkins et al. (2024) have 

integrated human land management and fire use into JULES-INFERNO by modelling human 

relationships with fire as determined by socio-ecological conditions. These relationships control 

tendencies towards different types of managed fire-use, each of which has an associated 

likelihood of escape. The split approach by Forrest et al. (2024) also targets this problem by 

modelling natural vegetation and cropland fires using different predictor variables over a 

relatively socioeconomically homogeneous region. 
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Some key wildfire processes cannot be effectively captured because of the spatial and temporal 

scales of global fire models. Fire-enabled DGVMs are run at spatial resolutions from 0.5° to 

2.8° (Li et al., 2019; Hantson et al., 2020), with fire-enabled ESMs run at similar resolutions 

(Li et al., 2024). Such resolutions are too coarse to resolve the variation in land cover and 

topography – which are critical in wildfire evolution and extinction (Janssen and Veraverbeke, 

2025). Further, regridding of input variables to these scales can smear the nonlinear effects of 

sharp variations in population density, vegetation productivity and vegetation type on wildfire. 

The temporal scale of fire models is dependent on whether there is a process-based or empirical 

fire size scheme. Process-based fire models such as SPITFIRE simulate the spread of wildfire 

occurrences and are thus necessarily run at a sub-daily timesteps (Li et al., 2024), whilst 

empirical models such as GlobFIRM and INFERNO are trained with monthly accumulations – 

though this may be divided over each ESM timestep in the model output (Mangeon et al., 2016). 

For process-based models, the coarse spatial scale of the model means that spatially varying 

wildfire dynamics associated with wildfire evolution at a sub-daily timestep are not captured. 

On the other hand, empirical schemes trained on monthly data can miss the dynamics driving 

seasonal variation in wildfire outcomes, as very large fires shaped by daily-scale weather 

extremes drive burnt area totals (Stavros et al., 2014; Abatzoglou et al., 2014; Barnes et al., 

2023) 

 

Fire models make deterministic predictions of wildfire given environmental conditions and are 

often applied in a single ESM or DGVM run, resulting in an underrepresentation of wildfire 

stochasticity. Firstly, global fire models used in DGVMs and ESMs predict the expected burnt 

area per timestep, not capturing the uncertainty of an individual wildfire outcome. At finer 

spatial scales, many locations will see years with no fire interspersed with large wildfire events, 

due to the aleatoric uncertainty of wildfire ignition and survival. Secondly, there is also 

epistemic uncertainty on the precise effect of model drivers at the scales at which these models 

are run. Other disciplines such as flood modelling account for this uncertainty with an ensemble 

of possible models that incorporate the spread of possible model parameters (Ziliani et al., 

2019). Thirdly, global fire models have mostly been applied in individual fully-coupled ESMs 

(Li et al., 2024) or run offline with reanalysis data (Burton et al., 2024b; Hantson et al., 2020). 

This does not account for the inherent variability in the climate system. A single realisation of 

the climate in either an ESM or reality is a very limited sample of the distribution of possible 

weather. The use of a large ensemble to characterise the distribution of possible drivers is 
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standard in other climate impact disciplines such as floods (Cloke et al., 2013), cyclones 

(Roberts et al., 2015), and heat extremes (Vautard et al., 2013). 

1.9 Large Ensemble Methods 
The atmosphere is a chaotic system (Lorenz, 1972). This chaotic behaviour means that errors 

in deterministic models of the atmosphere grow rapidly with time such that model predictions 

become less reliable (Lorenz, 1969). Current cutting-edge forecasts meet skill benchmarks up 

to 9-10 days forward of the initial state (ECMWF, 2023). Climate can be defined as the 

distribution of all possible weather states given external solar forcing and the composition of 

the land, ocean, cryosphere and atmosphere. Under stable conditions, the climate could be 

simulated with a single, sufficiently long simulation. In a changing climate, the only way to 

approximate the set of possible weather states is through an ensemble of model runs. There has 

therefore been broad adoption of large ensemble approaches when making weather predictions 

(Bowler et al., 2008), in seasonal forecasting (Johnson et al., 2019), and in projecting future 

climate scenarios (Maher et al., 2021). 

 

Large ensembles (LEs) can be generated by combining outputs from multiple climate models, 

or by perturbation of the initial conditions or physics scheme of an individual model. Single 

model initial-condition large ensembles (SMILEs) run one climate model with variation 

introduced in the initial model conditions (Figure 7), allow the model to sample the internal 

variability of the climate more fully (Deser et al., 2020). Projecting changes in predictable 

climate modes of variability cannot be done by a single model. SMILEs characterise this change 

within a self-consistent modelling scheme. Multi-model ensembles (MMEs) run multiple 

GCMs (global circulation models) or GCM and RCM (regional climate model) combinations. 

Variability between the models arises from differences in initial conditions and in the physics 

schemes of each model (Figure 7). Whilst SMILEs account solely for aleatoric uncertainty, 

MMEs are also affected by epistemic uncertainty in how the model represents the relevant 

processes. SMILEs generally resolve aleatoric uncertainty in the climate system more 

completely than MMEs because they involve many more ensemble members (Maher et al., 

2021; Muntjewerf et al., 2023).  
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Figure 7: An overview of the different types of climate ensemble. SMILEs can be initialised (a) 

by sampling the model spin-up at decadal scale timesteps ensuring better sampling of structured 

modes of climate variability, or (b) by an instantaneous micro-perturbation of model fields such 

as temperature or pressure in every grid cell, which can allow for more ensemble members and 

reducing the demand on computational resources. LEs can also (c) run one model with 

perturbations on physics parameters to represent uncertainty in unknown driving effects. 

Finally, multiple GCM runs (d) can be combined separately for comparison, with the 

combination (e) of driving GCMs to multiple RCMs allowing for more ensemble members and 

a higher model resolution. 

 

LEs sample rare, extreme events much better than single models or smaller ensembles. They 

have therefore been widely adopted in climate impacts research to understand changes in the 

likelihood and intensity of extreme events. LEs have been used, for example, to characterise 

changes to extreme summer temperatures in Europe with global warming (Suarez-Gutierres et 

al., 2018), the intensity of extreme flooding and drought events (Van der Wiel et al., 2019), 

annual maximum amounts of snowfall (Sasai et al., 2019), and the likelihood of observed 

extremes in fire weather and drought (Squire et al., 2021). LEs can also be used to estimate the 

changing distributions of weather variables (Haugen et al., 2018). They have been used to show 

the large variability in possible near-term trends in regional weather extremes, including 

characterisation of the likelihood of observing multidecadal trends opposite in sign to those 

(a) Initial conditions sampled
in pre-industrial spin-up 

(b) Random microscopic
perturbation across all cells

(c) Same model but with
perturbation of physics
scheme parameters

(d) Multiple GCMs

(e) Multiple RCMs driven 
by different GCMs
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expected globally with climate change (Fischer et al., 2013). Although fire weather has been 

analysed using large ensemble methods, fire models have not previously been run using an LE. 

This is likely due to the computational demands of running a DGVM many times to obtain 

necessary vegetation inputs to the fire model. 

1.10 Research Rationale 
The aim of this thesis is to fully characterise the wildfire occurrence regime in the United States 

and understand its drivers, with an emphasis on variation between fire years. To do this, it was 

first necessary to develop a model for the daily probability of wildfire events. This was to enable 

the meaningful analysis of the fire hazard and its response to daily and slower-varying 

conditions – instead of solely focussing on realised events. Interannual wildfire variability in 

the present climate is poorly understood due to rapidly changing land-use and climate 

conditions and the resulting small sample of analogous fire years. To gain insight into this, the 

wildfire occurrence model was applied to an LE to assess patterns and drivers of interannual 

variability in the US – both in a recent and future climate. Clear spatial patterns in interannual 

wildfire variability and its chief controls prompted the question of the extent to which fire year 

variability and its drivers are controlled by climate modes – which can strongly influence the 

likelihood of different weather and vegetation conditions.  

 

To gain a better understanding of patterns in wildfire occurrence over the US, this research 

project targets two key sources of uncertainty, generating synthetic data to better understand the 

real world. Firstly, daily wildfire occurrence probabilities are generated to present a more 

complete understanding of realised wildfire occurrence that is not skewed by a small sample of 

realised but low probability events. Secondly, synthetic fire years are generated for the recent 

(and a future) climate, so that the distribution of possible fire years can be analysed without 

spurious results being introduced due to the small sample size. With these sources of 

stochasticity over two very different temporal scales addressed by the model, patterns of 

variability in the annual number of wildfires and structure of the fire season can then be 

analysed. 

 

The first research item was to develop a simple probabilistic model for wildfire occurrence. 

Wildfire has a central role in key Earth system processes such as nutrient cycling, the energy 

budget, and ecosystem composition (Sections 1.5, 1.6). It can also have extreme impacts on 

people’s health, livelihoods and property (Section 1.4). As global wildfire has changed 
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dramatically in response to past climate and land-use change (section 1.3), and as these factors 

are currently changing rapidly, the development of high-quality wildfire models to understand 

current and future trends is crucial. This thesis focusses on an occurrence model, as this is the 

essential first module to a full fire model, and because occurrence modules are relatively 

undeveloped in existing global fire models (Section 1.8). A probability model was needed 

because actual wildfire events are rare and extremely stochastic – whilst daily probabilities of 

occurrence can be accumulated to account for seen and unseen events to better identify trends. 

Although the primary focus of this thesis is on the interannual patterns in the wildfire signal, a 

daily likelihood model was necessary to account for the strong contribution of extreme weather 

days to annual totals. Such a model needed to be developed due to the relatively undeveloped 

state of wildfire occurrence modelling (Section 1.7), not accounting for very recent 

developments in the field (Di Giuseppe et al., 2025). The focus was on developing a model of 

combined, simple variable effects. This was to facilitate the explanatory use of the model, and 

to have a simpler and more interpretable set of high confidence variable effects to better ensure 

applicability to out-of-sample scenarios. The use of some machine learning methodologies can 

achieve greater in-sample accuracy, but the inclusion of complex interacting terms means that 

identified relationships may be overfit and not hold true outside of the training sample. 

 
The second research item was to use this occurrence model to understand patterns of interannual 

variability in wildfire occurrences due to climate and climate-induced vegetarian variability. 

This focus on interannual variability was prompted by the particular contribution of extreme 

fire years as a source of wildfire impacts. For example, the Australian Black Summer of 

2019/2020, the Canadian fire season of 2023, and the Indonesian fire season of 2015 (NHRA 

2023, Jain et al., 2024; Crippa et al., 2016). Despite growing scrutiny on regional fire season 

extremes, leading assessments of trends in global wildfire (e.g. Sullivan et al., 2022; Burton et 

al., 2024b; Kelley et al., 2025) have focussed on the projection of the fire regime mean burnt 

area, as opposed to a consideration of extremes or the full distribution of possible years. 

Additionally, global fire models perform poorly in reproducing interannual variability (Hantson 

et al., 2020). This does not interfere with their primary function of modelling average wildfire-

related emissions and vegetation mortality in ESMs. Interannual variability in the wildfire 

record is well established as a key characteristic of the wildfire regime (Van der Werf et al., 

2006; Tang et al., 2021), however there is currently a significant gap in the fire-modelling and 

projections literature exploring interannual variability and its future changes. This is of 

particular utility due to the shortness of the existing wildfire record in analogous climate 
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conditions, especially given the increasing rapidity of climate change seen in recent decades 

(Forster et al., 2024). Better understanding interannual wildfire variability would enable the 

likelihood of both observed and unseen events to be better estimated. 

 
The third research item was to explore the extent to which fire years are associated with the 

phase of different climate modes. Climate modes are persistent or recurrent patterns identified 

in the climate system on interannual to multi-decadal timescales. Examples include the ENSO, 

a naturally occurring climate pattern that reflects ocean atmosphere interactions in the tropical 

Pacific Ocean with a multi-year oscillation, and the Pacific Decadal Oscillation (PDO) which 

has an even longer oscillation scale. This research topic flowed from the fact that the spread of 

annual wildfire occurrences was found to be greater than the mean predicted value, with strong 

spatial patterns in this relative variability. Associating higher wildfire occurrence years at a high 

spatial resolution with specific climate modes has utility from a hazard forecasting perspective, 

with climate modes often predictable months in advance. Climate modes were focussed on for 

this analysis, as it is already well established that the causal drivers of wildfire (Section 1.2) 

such as moist conditions (favourable for vegetation growth) and dry-heat are strongly 

influenced by climate modes over the US (Gershunov, 1998; Wang and Asefa, 2018). There is 

an existing literature establishing statistically significant links between wildfire and climate 

modes in the contiguous US (Heyerdahl et al., 2002; Kipfmueller et al., 2012; Simard et al., 

2012). However, existing studies have not identified geographically varying patterns of 

association over the region due to the short satellite record necessitating either site-based tree 

ring data (e.g. Westerling and Swetnam, 2003) or aggregated federal data over a large region 

(e.g. Goodrick and Hanley, 2009). However, the applicability of LE methods to this problem is 

not well explored. 

 
The three research questions (Section 1.11) all target two questions related to the stochasticity 

of wildfire. First, what processes drive wildfire occurrence? And second, what are the spatial 

and temporal patterns of wildfire occurrences as a consequence of those drivers? Chapter 2 

answers these questions at a daily timescale using realised weather conditions in recent years. 

Then, Chapter 3 examines patterns in the distribution of possible years from which the small 

sample of realised years in an analogous recent climate are drawn, as well as in a climate 

subject to future global warming. This chapter examines patterns of variability between fire 

years, and which variables contribute most to that variability in different regions. Finally, 

Chapter 4 then explores the extent to which this variability can be explained by predictable 
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global climate modes, and how those associations might strengthen or weaken with future 

climate change. 

1.11 Research Overview 
How should a simple probabilistic model for wildfire occurrence be built? 

In this thesis I focus on modelling the probability of wildfire occurrence, a first and necessary 

step in constructing the next generation of probabilistic global fire models. Building on previous 

work elucidating the drivers of wildfire (Parisien and Moritz, 2009; Harrison et al., 2010; Knorr 

et al., 2014, Bistinas et al., 2014; Forkel et al., 2017, Forkel et al., 2019b; Harrison et al., 2021; 

Kuhn-Regnier et al., 2021, Chuvieco, et al., 2021, Mukunga et al., 2023), I aim to build an 

empirical fire likelihood model that performs as well as existing models, operates at a higher 

spatial resolution, and resolves the strong daily response of fire to changing weather conditions. 

 

The model was developed with the dual objects of predictive capability and a basis in simple 

driving effects (justified in Section 1.10). This chapter therefore aimed to identify the necessary 

alterations to a model of combined linear effects such that it was of adequate predictive 

capability for wildfire occurrence modelling. To do this I focus on a region with high-quality 

data spanning a wide range of fire regimes. The contiguous USA has a comprehensive federal 

record of fire occurrences (Short, 2014) and good representation of global fire regimes. 

Harrison et al. (2025b) have shown that pyroclimates delineated on the basis of GPP and VPD, 

controlling fuel loads and drying, are characterised by 18 distinct fire regimes. The contiguous 

US has 10 of these 18 global pyroclimates (mostly the extratropical pyroclimates) covering 

over 100,000 km2 of the USA total area (Figure 8).  
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Figure 8: Globally clustered pyroclimates as delineated by VPD and GPP have been shown to 

reflect distinct fire regimes by Harrison et al. (2025b), with the 18 clustered pyroclimates 

identified in that study reproduced here. The top panel shows a map of these pyroclimates for 

the contiguous USA. The lower left panel shows the total area of the contiguous USA occupied 

by each pyroclimate. The lower right panel shows the global map of pyroclimates identified by 

Harrison et al. (2025b) for comparison. 

 

What is the interannual variability of wildfire occurrence due to climate and climate-

induced vegetation variability? 

Defining the wildfire occurrence distribution can provide a better understanding of the modern 

fire regime. A distribution of possible fire years allows for observed extremes to be 

contextualised, unrealised fire-years to be accounted for, and the drivers of high and low fire 

years to be identified. Observed wildfire and reanalysis driven fire models, though useful as a 

benchmark, do not provide a sufficiently large sample of years to define the wildfire occurrence 

distribution robustly, especially potential extremes. This chapter is chiefly intended to (1) define 

spatial patterns in wildfire interannual variability and its drivers, and (2) assess the broad 

additional utility of LE methods in understanding these processes. Importantly, using an LE to 

define the distribution of possible fire years in the recent climate also allows for a like-for-like 

comparison with future projections of the distribution.  In this chapter I focus on the 
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meteorological effects and climate-driven changes in vegetation productivity on wildfire 

occurrence, holding demographic and land-use change constant to target climate-related 

variability only. 

 

Can interannual variability in wildfire occurrence be predicted by climate modes? 

Given that there is significant interannual variability in wildfire occurrence, the final question 

is to what extent this is predictable. This chapter explores the effect of eleven climate modes, 

selected by association with global-scale weather patterns or strong effects over the US 

specifically – each with an oscillation period of a year or longer. The area of statistically 

significant effect of each mode, and geographic patterns of the magnitude of this effect on 

annual wildfire events was tested for each mode. Following these associations, the effect of the 

most impactful modes of variability on driving wildfire conditions was then also tested. The 

extent to which such associations were identifiable from reanalysis data was also explored, 

establishing the additional benefit of LEs in understanding associations between climate modes 

and regional wildfire patterns. 
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Modelling the Daily Probability of Wildfire 
Occurrence in the Contiguous United States 
This chapter was originally published in Environmental Research Letters in February 2024. As 

it was published as an independent article, I provide a cover page here with information on how 

this chapter links to the rest of the thesis, how research published since may affect the chapter’s 

interpretation, as well as additional information on modelling methods and training data 

strategies that were not included in the original article. 

 

This chapter is foundational to the research project of this thesis, which is to understand the 

short and long-term patterns of wildfire variability and their drivers. As detailed in Section 1.10, 

an occurrence model is necessary for this project. The high stochasticity of individual wildfire 

events and driving weather conditions in combination with the relatively short observational 

record render observational data insufficient for answering key questions about wildfire 

occurrence patterns and their drivers. The occurrence model is also necessary for Chapters 3 

and 4, where it is applied to future climate data, as well as unrealised years in the present 

climate. In this chapter, there is also a systematic establishment of the key drivers of wildfire 

occurrence in the contiguous US. The model identifies smooth, monotonic changes over a 

subsection of each selected variable’s domain. Simple variable effects can therefore be 

identified and assessed, both to answer scientific questions about the drivers of wildfire (see 

Haas et al., 2024) and to improve the existing occurrence modules in leading global fire models 

(Section 1.7). 

 

This chapter answers the question: how should a simple probabilistic model for wildfire 

occurrence be built? It does this by starting with a simple model framework commonly used in 

statistical modelling, a generalised linear model (GLM). The chapter then details the three 

necessary adaptations to address a specific limitation of GLMs in modelling wildfire likelihood. 

First, identifying which variables are most predictive when there are many candidate effects. 

Second, addressing the fact that different variables can have different strengths of effect on 

wildfire likelihood at different parts of their domain. Third, resolving the tendencies of GLMs 

to compress rare events toward the centre of a distribution. The performance of the resultant 

model is then extensively assessed by an ensemble of model training runs. Lower and upper 

bounds on the model’s performance across benchmarks were found, allowing for a stricter point 

of comparison against other wildfire modelling methods, and that the best performing models 
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could be identified. The rate at which variables are selected can also be identified using the 

training ensemble, which also presents the relative importance of different predictors.  

 

The model presented here is utilisable as an independent regional model for the daily likelihood 

of wildfire events in the contiguous USA. The methodology is also applicable to wildfire 

occurrence modelling generally. Applied to global wildfire data, this could be used to improve 

the simple occurrence modules currently used in global fire models – independent of whether 

the subsequent size/spread module is empirical or process-based (Section 1.7). The 

methodology also offers significant operational benefits over fire weather indices, as it 

incorporates seasonally variations in vegetation and multiannual trends in land-use, 

demography and vegetation. Whilst some fire weather indices are highly predictive of wildfire 

likelihood and intensity, they were not considered as inputs. This is because such indices are 

either already the combination of simple meteorological variables (e.g. the Hot-Dry-Windy 

Index or Angström Index) or are sophisticated indices that assume vegetation structure and fuel 

drying dynamics (e.g. the Canadian Fire Weather Index or USA Burning Index) that may be 

highly predictive in some environments and anti-correlated with wildfire in others (Jones et al., 

2022). 

 

Since the publication of this chapter, Di Giuseppe et al. (2025) published ECMWF’s operational 

probability of fire model (PoF). PoF predicts wildfire likelihood using an ML method 

(XGBoost) trained on globally available satellite data. Unlike previous fire danger products 

from weather services, this product uses vegetation, land cover and population data, as well as 

new modelled fuel load and moisture input variables (McNorton and Di Giuseppe, 2024). 

Whilst the model is not benchmarked analogously to the model in this chapter, Di Giuseppe et 

al. (2025) report a separability statistic (AUC) of 0.94 globally, and 0.69 to 0.96 across key 

regions, in comparison to the 0.85–0.87 found in Chapter 2 over the contiguous US. Generally, 

ML methods are able to achieve higher predictive power than statistical models, due to a much 

higher degree of freedom in how they can fit to the training data. The objective of the model in 

this chapter, is to present a model with simple, robust and falsifiable variable effects. By 

constraining the model to simple variable effects, and then optimising for predictive power, the 

model can be better used to explain key associations with wildfire frequency and to improve 

existing modelling methods. 
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As model development is an exploratory process, not all tests undertaken in model development 

could be included in the following chapter. For example, other modelling techniques were also 

compared including zero-inflated GLMs, and hierarchical Bayesian models. These methods 

were assessed for explanatory clarity and increase in model performance and were not selected. 

Similarly, including cross-terms in the GLM was assessed, but did not provide a commensurate 

improvement in model performance to outweigh increased model complexity. The time period 

for variables in which multiple antecedences were considered (precipitation, gross primary 

productivity, vapour pressure deficit) were selected by graphing the changing model likelihood 

in response to different antecedent timescales, with commonly selected variables included as 

covariates. Model training datasets were either 106 or 107 datapoints, with test datasets 25% of 

that size again. Test and training data were randomly sampled across all days and grid cells, and 

were unweighted by season, region, or the presence or absence of a wildfire event.  
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Abstract
The development of a high-quality wildfire occurrence model is an essential component in
mapping present wildfire risk, and in projecting future wildfire dynamics with climate and
land-use change. Here, we develop a new model for predicting the daily probability of wildfire
occurrence at 0.1◦ (∼10 km) spatial resolution by adapting a generalised linear modelling (GLM)
approach to include improvements to the variable selection procedure, identification of the range
over which specific predictors are influential, and the minimisation of compression, applied in an
ensemble of model runs. We develop and test the model using data from the contiguous United
States. The ensemble performed well in predicting the mean geospatial patterns of fire occurrence,
the interannual variability in the number of fires, and the regional variation in the seasonal cycle of
wildfire. Model runs gave an area under the receiver operating characteristic curve (AUC) of
0.85–0.88, indicating good predictive power. The ensemble of runs provides insight into the key
predictors for wildfire occurrence in the contiguous United States. The methodology, though
developed for the United States, is globally implementable.

1. Introduction

Wildfire poses a significant risk to both the nat-
ural environment and people. Wildfires are increas-
ing in many parts of the world, including the United
States, the northern boreal zone, southern Europe,
Amazonia, and Australia (Smith et al 2020) in
response to ongoing climate change, which has been
associated with a strong drying effect on vegetation
fuels (Ellis et al 2022). Wildfire is also an import-
ant earth system process. In addition to the effects
of radiative forcing and carbon emissions on climate
(Liu et al 2014), wildfire has been found to influ-
ence Amazon regrowth after deforestation (Drüke
et al 2023), to be a major driver of permafrost thaw
(Gibson et al 2018); and to cause significant ocean
fertilisation events (Weis et al 2022). It is thus crit-
ical to be able to make quick and robust predictions

of the likelihood of wildfire events, both to charac-
terise wildfire risk and to better understand wildfire’s
complex role in the earth system.

Wildfire occurrence can be defined as the devel-
opment of an unplanned fire over a certain size.
Occurrence, in conjunction with fire size, controls
annual burned area—the cumulative footprint of
wildfire on the landscape. The rate of wildfire occur-
rence is related to fire intensity (Luo et al 2017), a
key determinant for the severity of a burn event. The
likelihood of fire occurrence is the first component
in process-based fire models used in dynamic global
vegetation models (Rabin et al 2017). Wildfire occur-
rence is also of importance from a fire management
perspective because of the need to identify and con-
trol smaller wildfire events in high-risk areas.

Wildfire occurrence is driven by many factors,
reflecting the multiple conditions that must be

© 2024 The Author(s). Published by IOP Publishing Ltd
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met for ignition and initial fire spread: an igni-
tion source, fuel availability, fuel dryness, and atmo-
spheric conditions (Krawchuk et al 2009, Harrison
et al 2010). Ignitions may be caused by lightning or
humans, but there are many human sources of igni-
tions including recreation, smoking, debris burning,
arson, machinery, railroads and powerlines (Short
2014). However, humans also suppress wildfires,
either directly through fuel management and fire-
fighting, or indirectly through the impacts of land-
use and landscape fragmentation on fuel availabil-
ity and continuity (Harrison et al 2021). Fuel accu-
mulation is also determined by vegetation charac-
teristics, including primary production and domin-
ant plant type (Harrison et al 2010, Forkel et al
2019). Meteorological drivers such as precipitation,
atmospheric moisture, and temperature influence
fire occurrence through their effect on fuel mois-
ture, while topography and wind strength influence
the rate of spread (Parisien and Moritz 2009). In
addition to current conditions, antecedent vegetation
growth and drought also influence the occurrence
of wildfires through their effect on fuel availability
(Kuhn-Régnier et al 2021). Given the large number
of potential influences on wildfire occurrence, it is
important to consider which are most important in
order to define a parsimonious set of predictors to
incorporate into a wildfire occurrence model.

The probability ofwildfire occurrence is primarily
modelled as a monthly to decadal landscape suscept-
ibility to wildfire. Highly resolved, regional fire sus-
ceptibility maps account for local effects driving fire
likelihood in different regions based on either statist-
ical models, machine-learning or maximum entropy
approaches (D’Este et al 2020, Gholamnia et al 2020,
Chen et al 2021). Daily timescale variability in the
probability of wildfire occurrence is often accounted
for using fire danger rating systems, risk indices that
are largely based onmodelling meteorological effects,
with some limited integration of remote sensing and
fuel mapping products (Zacharakis and Tsihrintzis
2023).

In this paperwe introduce an adaptedGeneralised
LinearModel (GLM)methodology tomodel the daily
probability of wildfire. GLMs are statistical mod-
els that establish the most likely linear relationship
between a dependent variable and a set of predictors,
taking into account the statistical properties of the
dependent variable. The approach was adopted here
because it provides more easily interpretable results
than machine learning or non-linear statistical meth-
ods and is also less susceptible to overfitting, which is
important given the highly stochastic nature of wild-
fire occurrence. We then apply this in an ensemble of
models to determine the spread of model perform-
ance, and to identify which predictors are most essen-
tial to modelling the likelihood of daily fire occur-
rence. We evaluate the model’s performance across

geospatial and seasonal trends, and its representation
of interannual variability.

2. Methods

2.1. Data
2.1.1. Fire occurrence data
The target fire occurrence variable was developed
from the fire programme analysis fire-occurrence
database (FPAFOD) (Short 2021), a synthesis ofwild-
fire occurrence across the United States from data
provided by federal, state and local fire organisations
covering the period 1992–2018. Prescribed burns are
not included in the dataset, but escaped fires that
result from prescribed burns are included. The fire
start location is given to a resolution of 1.6 km.
We use data from 2002 onwards because the quality
of non-federal reporting systems is better after this
date (Short 2014). We define a fire occurrence as an
unplanned fire greater than 0.25 acres (0.1 ha)—the
lowest non-zero U.S. National Wildfire Coordinating
Group fire size classification. The binary data (occur-
rence, non-occurrence) were gridded at daily, 0.1◦

resolution.

2.1.2. Predictors
A total of 47 predictors representing meteorological,
vegetation and human factors affecting the prob-
ability of fire occurrence were used (supplement-
ary table A1). Precipitation and temperature-related
variables were obtained from the PRISM Climate
Group (2019), with additional meteorological vari-
ables taken from ERA5-Land (Muñoz-Sabater et al
2021). These data were used to derive predictors
(e.g. antecedent precipitation) associated with ante-
cedent conditions over several different time peri-
ods. Convective available potential energy data, a
predictor of lightning occurrence, was sourced from
the National Centres for Environmental Prediction’s
North American Regional Reanalysis (NCEP-NAAR:
Mesinger et al 2006). Rural and total population
density were obtained from version 4 of the Global
Population of the World dataset (CIESIN 2016).
Road density was obtained from version 4 of the
Global Roads Inventory Project data set (Meijer et al
2018) and additional measures of human activity
(e.g. powerline length per area) fromOpenStreetMap
(OSMContributors 2022). The land-cover fraction of
different vegetation types (e.g. herbaceous cover) was
obtained from the European Space Agency Climate
Change Initiative data set (Defourny et al 2019).Gross
primary production (GPP) was derived using a light-
use efficiency model (P model: Stocker et al 2020)
driven by the remotely-sensed fraction of absorbed
photosynthetically active radiation (Jiang and Ryu
2016), photosynthetic photon flux density (Ryu et al
2018) and climate data. Antecedent effects on fuel
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accumulation, fuel drying and fuel wetting, represen-
ted by antecedent GPP, vapour pressure deficit (VPD)
and precipitation respectively, were included through
testing different timescales for each predictor through
test runs of themodel at varying antecedences. All the
predictor variables were re-gridded to 0.1◦ resolution
and linearly interpolated to a daily timescale.

2.2. Modelling approach
We used a binomial GLM to model the binary out-
come of whether a wildfire greater than 0.25 acres
occurred on a given day at a given location. GLMs
provide highly interpretable results distinguishing the
effect of each predictor when other predictors are
held constant (Nelder and Wedderburn 1972) and
provide ameasure of variable significance in the form
of t-values (McCullagh and Nelder 1989). There are
well-established frameworks for evaluation of model
performance and predictors, including the Akaike
information criterion (AIC) (Akaike 1974) and the
variance inflation factor (VIF) (Allison 1999) used in
this study.We used the area under the receiver operat-
ing characteristic curve (AUC) as an overall perform-
ancemetric. GLMs have beenwidely applied tomodel
wildfire, both in a global context (e.g. Bistinas et al
2014, Haas et al 2022), and in regional fire occurrence
modelling (e.g. Vilar et al 2010, Lan et al 2023).

We developed our new model in Python, using
the statsmodels module. The standard bionomial
approach was modified in three ways for this applic-
ation (figure 1). We introduced an objective pre-
dictor selection procedure, given the large number of
potential predictors (table A1), in order to minim-
ise multicollinearity in the predictors and overfitting
the model. A stepwise variable selection algorithm
(Chowdhury and Turin 2020) was applied, starting
from a constant model with no predictors and then
iteratively (1) finding the best performing new vari-
able to add by minimising the AIC (the forwards
step), before (2) checking whether removing any of
the existing predictors for an unused variable minim-
ises the AIC further (the backwards step). Predictor
variables that producedVIFs>5were ignored in both
steps, to prevent inclusion of highly correlated pre-
dictors. Improvements in predictivity (AUC) were
negligible after 12 predictors; this was therefore taken
as the maximum number of predictors to reduce the
likelihood of overfitting.

Predictors may only influence fire occurrence
probability in a certain range. For example, small
increments in daily precipitation are more likely to
impact fire occurrence probability when the precip-
itation rate is low. Predictors may also have different
effects on the probability of fire in different parts of
their range. Aridity, for example, lowers fuel moisture
and leads to higher fire risk, but further increases in
aridity leads to less vegetation growth, decreasing fuel

Figure 1. An overview of the GLM architecture and the
ensemble application of the modelling methodology. The
inputs and adaptations to a basic GLM application are
detailed in the top two layers, with the second two layers
showing 100 predictor selection runs, and subsequent 100
runs of the predictor domain optimisation algorithm.

availability and fuel continuity and hence leading to
lower fire risk. We determined the appropriate range
of influence for each predictor through an algorithm
that truncated the predictor ranges through optimisa-
tion of the AIC. The algorithm (given in supplement-
arymaterial, figure A1) iteratively tested the improve-
ment of the model by clipping the upper or lower
bound of each predictor. The final set of predictor
domains is defined as the set of upper and lower
bounds on each predictor from which there is no fur-
ther significant improvement in AIC—with an AIC
difference of two taken as a substantial difference in
models (Burnham and Anderson (2004)).

GLMs have a known tendency to compress pre-
dicted values towards themiddle of the sampled range
and to under-represent high and low extremes (Hastie
et al 2009) due to the assumption of linearity with
the log odds of the target variable. Whilst a good
ranking of high and low fire risk was achieved in the
model (i.e. high AUC), compression was observed in
the geospatial mean of the probability of fire occur-
rence between 2002–2018. We applied a power-law
transformation to the output daily probability of fire
occurrence, optimising to reduce the residuals in the
distribution of the observed and modelled geospatial
means.

2.3. Ensemble application of model
We created an ensemble of models by running the
predictor selection algorithm 100 times with a train-
ing dataset of 107 datapoints and running the pre-
dictor range optimisation algorithm 100 times for
each unique set of selected predictors with a train-
ing dataset of 106 datapoints. This produced an
ensemble of 2100 members. This ensemble allows us
to characterise the spread of model performance and
to evaluate whether the model performs well given
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the uncertainties introduced by variable selection and
range optimisation. We use the mean of the Pareto
superior subset (Jahan et al 2016) of the ensemble,
which is less likely to be overfit than a single ‘best per-
forming’ ensemble member, to represent fire probab-
ility. The Pareto superior subset is defined as the set
of all Pareto efficient models across the four model
benchmarks defined in section 2.4. An additional
2000-member ensemble was created by running the
predictor selection algorithm with a training dataset
of 106 datapoints to identify the rate at which each
of the candidate predictor variables was selected. The
higher number of runs was required due to the low
rate of selection for some variables and to better assess
whether some core variables were always selected, the
smaller training dataset was a necessary cost due to
the relatively higher number of runs.

2.4. Evaluationmetrics
We used the AUC statistic to assess predictive power
through separability—the extent to which the model
can separate between wildfire occurrence and non-
occurrence (Hanley and McNeil 1982). The normal-
ised mean error (NME) between the modelled and
observed mean rate of wildfire occurrence for each
cell over the study period of 2002–2018 was used to
assess performance with respect to geospatial trends.
The NME of the total number of wildfire occurrences
was used to assess the representation of interannual
variability. Seasonal effects were evaluated in terms of
seasonal concentration and seasonal phase (Hantson
et al 2020). Seasonal concentration is the extent to
which fire occurrence is clustered in the year, where 0
indicates that there are the same number of fires each
month and 1 indicates fires occur in a single month;
this was assessed using NME. Seasonal phase is the
peak timing the fire season, and is most meaning-
ful when the season is characterised by a single, sym-
metrical peak. Seasonal phase was assessed using the
mean phase difference (MPD) (Hantson et al 2020).
NME and MPD were calculated as follows:

NME=

∑
i Ai

∣∣Xmod
i −Xobs

i

∣∣
∑

i Ai

∣∣∣Xobs
i −Xobs

∣∣∣
(1)

MPD=
1

π

∑
iAi arccos

[
cos

(
ϕmod

i −ϕ obs
i

)]
∑

iAi
(2)

where Ai are cell areas, ϕ is seasonal phase, and X is
either the mean rate of fire occurrence per site, the
total annual number of fires, or the seasonal concen-
tration. An NME value of 0 corresponds to perfect
performance, whilst a value of 1 means performance
equal to a null model predicting a constant value of
X for all datapoints. An MPD of 0 means the model
and observation are in perfect phase, whilst a value of
1 would mean perfect antiphase.

3. Results

The overall performance of the model as measured
by the AUC is good (table 1). All the models have an
AUC of >0.85, higher than the threshold of 0.8 gen-
erally taken as indicating ‘very good’ model perform-
ance (McCune et al 2002). The Pareto subset of mod-
els have an AUC of>0.86.

The model has a geospatial NME for the Pareto
subset of the ensemble of 0.44, considerably better
than a null model assuming the mean value of fire
probability across all cells. The poorest NME score
from the full ensemble (0.49) is also very good. The
model identifies key features of the geospatial patterns
shown by the mean of the model output from 2002
to 2018 (figure 2), such as the broad regions of lower
fire likelihood in the Mississippi Valley, the Corn Belt
and the Great Plains, and the areas of higher fire
likelihood such as the Southeastern and Texas Plains
and the West Coast. These patterns are also observed
in the daily outputs (see figure A2 for examples).
Even at a finer scale, the model generally captures the
high and low fire areas within a region. However, the
model output is smoother than the observations. The
area with <10−4 average daily probability of wild-
fire occurrence is 37% smaller than for the observa-
tions, and the model shows none of the discontinuit-
ies at State boundaries seen in the observations, such
as those seen at the New York and North Carolina
state borders.

As with the geospatial patterns, the model also
produces reasonable spatial patterns for wildfire sea-
sonality (figure 3). The mean MPD value for the
Pareto subset of 0.14 for seasonal phase indicates that
the phasing of the fire season is well captured. Model
performance for seasonal concentration is less good,
with a mean NME value for the Pareto subset of 0.78.
Nevertheless, the model identifies the early spring
phase for wildfire in the southeast, the late spring
phase in the northeast, and the late spring/sum-
mer phase in the west. It also correctly identifies the
less concentrated fire season in the Southeastern and
Great Plains, as well as towards the coasts. However,
the observations are considerably noisier than the
model, particularly in low fire regions. Figures A3–A5
in the supplementary material show the three most
observed seasonal patterns, a spring fire season; a
spring/autumn bimodal fire season; and a summer
fire season respectively.

The model is also able to predict high and low fire
years (figure 4). The model has an interannual NME
for total annual fire counts for the Pareto subset of
the ensemble of 0.67, much better than a null model
assuming the mean value of fire probability across all
years. Figure A6 in the supplementary material con-
trasts the mean modelled and observed rate of fire in
the years with highest (2006) and lowest (2003) num-
ber of fire occurrences.
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Table 1. AUC and benchmark metrics for all ensemble members, the Pareto superior subset and the highest AUC model of the Pareto
superior subset (the ‘best model’).

All ensemble members Pareto superior subset

Best ModelMin Mean Max Min Mean Max

Separability (AUC) 0.85 0.87 0.87 0.86 0.87 0.87 0.87
Geospatial (NME) 0.43 0.45 0.49 0.43 0.44 0.46 0.44
Annual fire count (NME) 0.66 0.67 0.68 0.66 0.67 0.67 0.67
Seasonal concentration (NME) 0.70 0.83 1.02 0.70 0.78 0.88 0.74
Seasonal phase (MPD) 0.13 0.15 0.17 0.13 0.14 0.16 0.15

Figure 2. Comparison of (a) modelled and (b) observed mean of daily modelled probability of wildfire occurrence over the
period 2002–2018. The model results are the average across the Pareto superior set of ensemble members. Both maps are plotted
on a logarithmic scale.

Figure 3. Comparison of (a) observed and (b) modelled seasonal phase and (c) observed and (d) modelled seasonal
concentration of wildfire occurrence.

Analysis of the 2000-model ensemble of the pre-
dictor selection component of the model (figure 5)
shows that several variables are identified as import-
ant predictors in all the runs. Rural population
density, snow-cover fraction, precipitation over the
prior five days, and the diurnal temperature range
(DTR) were selected in all 2000 models, and night-
time VPD was selected in 98% of the runs. A fur-
ther seven predictors are selected in more than

50% of the runs: GPP over the antecedent year
and over the antecedent 50 d, tree cover fraction,
shrub cover fraction, herb cover fraction, aridity
and daily precipitation—emphasising the import-
ance of vegetation and moisture controls on wild-
fire occurrence probability. However, some predict-
ors were rarely or never selected, including rug-
gedness, soil moisture and measures of human
infrastructure.
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Figure 4. Annual total modelled and observed fire occurrences in the contiguous United States from 2002–2018.

Figure 5. Rate of selection of individual predictor variables in the 2000-member ensemble from the stepwise variable selection
algorithm. Only variables that were selected in more than 1% of the ensemble members are shown.

4. Discussion

We have presented a model to predict the daily prob-
ability of wildfire occurrence which has good pre-
dictive power. All models have an AUC of greater
than 0.85, higher than the threshold of 0.8 for ‘very
good’ model performance taken in other studies
(McCune et al 2002). Similarly good performance has
been obtained with models focusing on more limited
regions, for example a daily lightning fire occurrence
model for Daxinganling Mountains (AUC = 0.87)
(Chen et al 2015), and an hourly forest fire risk
index developed for South Korea (AUC = 0.84)
(Kang et al 2020). However, both of these studies
focus on a relatively short time period (6 years) and

more climatologically and ecologically homogeneous
regions. Our research shows that reliable predictions
of the daily probability of wildfire occurrence can be
made using statistical models through careful adapta-
tion of a GLMmethodology, and provides a roadmap
for how to do so.

Whilst there is good correspondence between
the modelled and observed geospatial patterns
(figure 2), there are also regions of disagreement.
The most marked difference between the modelled
and observed mean rate of wildfire occurrence is in
the northeast US. This may reflect a problem with
the FPA FOD data for fire numbers since there is
poor agreement, except for New York state, between
these data and annual fire count estimates from the
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National Interagency Coordination Centre (NICC)
(Short 2014). However, despite the poor match in
the predicted rate of fire in the northeast and the
FPA FOD data, the model still identifies key regional
effects, including the greater amount of fire on the
New England coast compared to inland, and the
comparatively low rate of fire in the upstate New York
boreal highlands. The model tends to identify more
fire in agriculturally intensive regions such as the corn
belt and the Mississippi valley. This may reflect more
systematic fuel removal and landscape management
in these regions. However, this region includes states
where the FPA FOD dataset predicts a lower rate of
wildfire than the NICC estimates (Missouri, Indiana
and Ohio), so it may be that the FPA FOD dataset
is under-reporting wildfire counts in these regions
whilst the model is correctly responding to causal
factors associated with a higher mean rate of fire
occurrence.

We have shown that there is good first-order
correspondence between the observed and modelled
seasonal concentration and phase of wildfires. The
match is less good in low fire regions, where the nois-
iness of the observational records affects the reliab-
ility of the metric. There is also a major disagree-
ment between the modelled and observed seasonality
in the Pacific Northwest, where the model incorrectly
predicts a late spring peak in wildfires compared to
the observed early summer phasing. One potential
reason for this mismatch is that evergreen forests are
less susceptible to spring wildfires than deciduous
forests, since the canopy protects leaf litter from dry-
ing out (Tamai 2001). However, this cannot be the
only explanation for the poor model performance in
the Pacific Northwest because the wildfire seasonality
in other regionswhere evergreen forests are dominant
is predicted reasonably well. The largest mismatches
between the predicted and observed timing of fire
peak occur in grid cells with extremely high annual
precipitation, with values >99.5th percentile in the
overall data set. It is to be expected that the model has
more difficulty in capturing extremes that are poorly
represented in the training data but it is clear that
the power-law transformation used to minimise the
impact of outliers has not overcome this limitation
completely.

The ensemble of 2000 predictor selection runs
showed that rural population density is an important
predictor in allmodelswhereas total population dens-
ity is not. Total population density has been used as a
predictor of wildfires both in global statistical models
(e.g. Bistinas et al 2014, Haas et al 2022) and in fire-
enabled dynamic global vegetation models (Rabin
et al 2017). Despite the fact that Fusco et al (2016) dis-
counted population density as ameaningful predictor
at local scales in the U.S. compared to land-use pre-
dictors, our study shows that rural population dens-
ity is an informative metric. Specifically, increases in
rural population lead to an increased probability of

fire occurrence. This is consistent with the findings of
Balch et al (2017) that human ignitions occur on days
and in regions that are wetter than those under which
fires start naturally, thus creating an expansion of the
‘fire niche’.

The ensemble of predictor selection runs emphas-
ises the importance of meteorological variables in
controlling fire occurrence. Both night-time VPD
and DTR were identified as important predictors,
reflecting the different effects on daily fluctuations
in fuel moisture from the dampening effect of the
antecedent night-timemoisture barrier (Goens 1989)
and the drying effect from warming throughout
the day. GPP was found to be an important con-
trol on wildfire occurrence at both annual and sea-
sonal antecedences—reflecting the effects of con-
sequently higher fuel load and live fuel moisture
respectively. This supports the conclusions of Kuhn-
Régnier et al (2021) that including antecedent condi-
tions for vegetation predictors produces more accur-
ate predictions of burnt area.

There are several potential applications of the
model and modelling approach described here. The
probability of fire occurrence over the short-term
at a regional scale for the purposes of fire and
landscape management is usually predicted using
fire index models which rely on detailed fuel cata-
logues and drying models (e.g. Preisler et al 2014).
Similar predictions can be made with our model
even in the absence of detailed fuel load informa-
tion. Furthermore, themodel could be applied to pre-
dict likely future changes in wildfire occurrence using
ensembles of climate model projections and without
assuming static (modern observed) fuel loads. Near
term prediction of the occurrence of fires over a given
size would be useful to stakeholders exposed to wild-
fire risk, including the insurance sector and landman-
agers. Although our model was originally developed
for the contiguous United States, because of the avail-
ability of high-quality data particularly on variables
related to potential human influences onwildfires, the
final set of selected variables are obtainable from read-
ily available global data sets. Thus, the same model-
ling approach could be employed to assess fire risks
in other regions and how these might change with
a changing climate. It would be interesting to com-
pare different regions of the world to determine how
the key drivers of wildfire vary regionally, as has been
suggested by several previous studies (e.g. Bistinas
et al 2014, Forkel et al 2019). The model may also
have utility in the context of fire-enabled dynamic
vegetation models. The current generation of fire-
enabled dynamic vegetation models do not predict
the seasonality or interannual variability of wildfires
well (Hantson et al 2020). This is a major limita-
tion given that these models are now included in
earth system models used to predict future climate
changes in order to simulate the feedback associated
with fire emissions (Park et al 2023, Wang et al 2023).
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Our modelling approach could be used to provide
a way of realistically predicting fire starts, replacing
the simplistic ignition assumptions currently based
on lightning strikes or a human population density,
that could then be coupled to the process-based fire
spread component of the global fire models.

5. Conclusion

We have presented a new model to predict the prob-
ability of wildfire occurrence that produces realistic
predictions at a daily timescale and 0.1◦ resolution
for the contiguous United States. It captures the geo-
graphic differences both in the numbers and the sea-
sonal occurrence of fires, as well as predicting high
and low fire years. The most important predictors of
the probability of wildfire occurrence are rural pop-
ulation, meteorological variables (short-term drying,
precipitation and snow cover) and vegetation prop-
erties (plant type cover and antecedent GPP). The
model is easily applicable and, given that all the vari-
ables are available in global data sets, could be applied
to predict fire risk worldwide under a changing
climate.
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2.7 Supplementary: Modelling the daily probability of wildfire 

occurrence in the contiguous United States 
 

The supplementary material contains the following figures and tables: 

Table A1: An overview of all candidate predictors considered in the variable selection 

algorithm, their sources and how they were processed.  

 

Figure A1: A flowchart of the variable domain clipping process referred to in figure 1. 

 

Figure A2: Examples of the daily probability of fire occurrence maps.  Here we show the mean 

of the Pareto superior subset of models for one day from each week in 2010.  

 

Figure A3-A5: Examples of the modelled and observed seasonal cycle for three regions with 

one of three characteristic seasonal cycles. These being a spring peak; a summer peak; a 

bimodal cycle with spring and autumn peaks.  

 

Figure A6: The mean rate of wildfire occurrence in the highest (2006) and lowest (2003) 

modelled fire years. 
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Table A1: An overview of all candidate predictors considered in the variable selection 

algorithm, their sources and how they were processed. 

Variable Code Source Available 

Time 

Period  

Original 

Resolution 

Processing 

Dry Days dd PRISM 

(PRISM 

Climate Group, 

2019) 

1981-

present 

Daily, 

4km 

Derived from min., 

max. daily 

temperature and total 

daily precipitation. 

Dry day threshold 

0.1mm.  

Diurnal Temperature 

Range 

DTR 

Maximum Daily 

Temperature 

MaxT 

Minimum Daily 

Temperature 

MinT 

Precipitation precip 

Mean Daily Vapour 

Pressure Deficit 

VPD ERA5 

(Muñoz-

Sabater et al., 

2021) 

1950-

present 

Daily, 

0.1° 

Hourly VPD data 

calculated using Buck 

(1981). 

 

Aridity calculated 

annually using 

Priestley and Taylor 

(1972). 

Priestley-Taylor 

Aridity 

alpha_mean 

Minimum night-time 

VPD 

minVPD_night 

Relative Humidity RH 

Surface Windspeed sfcWind 

Snow Cover 

Fraction 

snow_cover 

Mean Daily 

Temperature 

T 

Mean night-time 

VPD 

VPD_night 

Soil moisture (0-

7cm) 

Vsoil1 

Soil moisture (7-

28cm) 

Vsoil2 

Soil moisture (28-

100cm) 

Vsoil3 

94



 

 

Convective 

Available Potential 

Energy 

CAPE NCEP NARR  

(Mesinger et 

al., 2006) 

1979-

present 

Daily, 

0.3° 

Interpolated to 0.1° 

Population Density PopDens GPWv4 

(CIESIN, 2016) 

2000-

present 

5 yearly, 

0.0083° 

Interpolated to 0.1° 

and daily data.  

 

Rural population 

density clipped at 25 

persons per km2. 

Threshold derived 

from definition of an 

urban cluster 

definition of more 

than 2500 persons 

(Ratcliffe et al., 2016) 

and approximate cell 

areas of 100km2.  

Rural Population 

Density 

PopDens_rural 

Road Density RoadDens GRIP4 

(Meijer et al., 

2018) 

2018 Static, 

0.083° 

Interpolated to 0.1° 

Powerline length per 

area 

powerline_length OpenStreetMap  

(OSM 

Contributors, 

2022) 

Present Static, 

spatial 

resolution 

not 

applicable 

Length per unit area 

calculated by the total 

length of structure per 

grid cell area. 

Railroad length per 

area 

rail_length 

Walking trail length 

per area 

trail_length 

Road length per area road_length 

Herbaceous land-

cover fraction 

HERB ESA CCI  

(Defourny et 

al., 2019) 

 Annual, 

300m 

Interpolated to 0.1° 

and daily data.  

 

Vegetation types 

calculated using the 

conversion factors 

Tree land-cover 

fraction 

TREE 

Cropland land-cover 

fraction 

CROP 

95



 

 

Needleleaf land-

cover fraction 

NEEDLELEAF from Forkel et al. 

(2017) 

Shrub land-cover 

fraction 

SHRUB 

Broadleaf land-cover 

fraction 

BROADLEAF 

Elevation elevation GMTED2010 

(Danielson and 

Gesch, 2011) 

 0.0083° Interpolated to 0.1° 

Vector Roughness 

Metric 

VRM 

Insolation solar_insolation Climlab (Rose, 

2018) 

   

Dry Day CAPE  dry_CAPE Derived from 

other variables 

   

Cumulative VPD 

over dry spell  

drying 

5-day antecedent 

precipitation 

precip_5d Antecedent 

data derived 

from other 

variables. 

 

 

  GPP calculated using 

ERA5 data, 

observations from Ryu 

et al. (2018), Jiang and 

Ryu (2016); Keeling 

et al. (2001); using the 

p-model method in 

Stocker et al. (2020). 

1-year antecedent 

GPP 

GPP_1yr 

2-year antecedent 

GPP 

GPP_2yr 

5-year antecedent 

GPP 

GPP_5yr 

10-year antecedent 

GPP 

GPP_10yr 

50-day antecedent 

GPP 

GPP_50d 

100-day antecedent 

GPP 

GPP_100d 

150-day antecedent 

GPP 

GPP_150d 

10-day antecedent 

VPD 

VPD_10d 

96



 

 

30-day antecedent 

VPD 

VPD_30d 

100-day antecedent 

VPD 

VPD_100d 

1-year antecedent 

soil moisture 

Vsoil1_365d 

 

 

Figure A1: Flowchart of the variable domain clipping process referred to in figure 1. Tightening 

was done in increments of one quarter of a standard deviation between the 0.01st and 99.99th 

percentiles (to account for long-tailed distributions such as population density) 

12 selected 
predictors

24 runs of model with the upper 
OR lower bound tightened on 

one of the predictors
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tightening on each predictors 

upper OR lower bound
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Figure A2: Examples of the daily probability of fire occurrence maps.  Here we show the mean 

of the Pareto superior subset of models for one day from each week in 2010. 
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Figure A3: Examples of the modelled (red) and observed (black) mean rate of fire occurrence 

in a region over the study period, giving the seasonal cycle for three example regions. This 

figure shows regions exhibiting a characteristic spring peak in the fire season, which is 

primarily found in the northeast United States. 

 

Figure A4: Examples of the modelled (red) and observed (black) mean rate of fire occurrence 

in a region over the study period, giving the seasonal cycle for three example regions. This 

figure shows regions exhibiting a bimodal seasonality with a spring and autumn peak in the fire 

season, which is primarily found in the southern United States. 
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Figure A5: Examples of the modelled (red) and observed (black) mean rate of fire occurrence 

in a region over the study period, giving the seasonal cycle for three example regions. This 

figure shows regions exhibiting a summer peak in the fire season, which is primarily found in 

the western United States. 

 

Figure A6: The mean rate of wildfire occurrence in (a, b) the highest (2006) and (c, d) lowest 

(2003) modelled fire years in the study period of 2002-2018 
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Present and future interannual variability in 
wildfire occurrence: a large ensemble 
application to the United States 
This chapter was originally published in Frontiers in Forests and Global Change in April 2025. 

The chapter answers the question, what is the interannual variability of wildfire occurrence due 

to climate and climate-induced vegetation variability? The wildfire occurrence model 

developed in Chapter 2 is applied to a large number of modelled years in the recent climate. 

Meteorological inputs, and vegetation productivity controlled by CO2 levels and 

meteorological data, were used to drive the wildfire occurrence model. Land cover and 

anthropogenic variables were held constant, specifically targeting the question as to the climate 

variability driven contribution to wildfire occurrence interannual variability. This product 

allowed questions to be answered on geographic differences in fire year variability and its 

drivers that could not be resolved by the observational record, which is an extremely small 

sample of fire years by comparison. The wildfire occurrence model is also applied to a future 

climate, answering questions about how regional fire variability can be expected to change, and 

difference in magnitude of the effects of internal climate variability and future climate change 

on wildfire totals. 

 

Chapter 2 identifies regional hotspots for wildfire occurrence over the contiguous US, as well 

as considerable interannual variability between fire years over the last two decades. Chapter 3 

extends this characterisation of the wildfire occurrence hazard over the contiguous US, by 

characterising geographic patterns in interannual variability. This is also extended to include 

variability in season length and the presentation of the full distribution of regional annual 

wildfire counts. Chapter 2 also provides an overview of the key predictors of daily wildfire 

occurrences over the full study region. Chapter 3 extends this analysis of wildfire drivers by 

identifying the primary regional controls of the annual number of wildfires, for both the overall 

spread of fire year outcomes and the determinants of the most extreme years. This interannual 

analysis is then foundational to Chapter 4, which explores the link between the global climate 

mode phases and increased annual wildfire occurrences. 

103



 

 Frontiers in Forests and Global Change 01 frontiersin.org

Present and future interannual 
variability in wildfire occurrence: 
a large ensemble application to 
the United States
Theodore R. Keeping 1,2*, Boya Zhou 3, Wenjia Cai 3, 
Theodore G. Shepherd 4, I. Colin Prentice 2,3, Karin van der Wiel 5 
and Sandy P. Harrison 1,2

1 Geography and Environmental Science, University of Reading, Reading, United Kingdom, 
2 Leverhulme Centre for Wildfires, Environment and Society, Imperial College London, London, 
United Kingdom, 3 Georgina Mace Centre for the Living Planet, Department of Life Sciences, Imperial 
College London, Ascot, United Kingdom, 4 Department of Meteorology, University of Reading, 
Reading, United Kingdom, 5 Royal Netherlands Meteorological Institute (KNMI), De Bilt, Netherlands

Realistic projections of future wildfires need to account for both the stochastic 
nature of climate and the randomness of individual fire events. Here we adopt a 
probabilistic approach to predict current and future fire probabilities using a large 
ensemble of 1,600 modelled years representing di"erent stochastic realisations of the 
climate during a modern reference period (2000–2009) and a future characterised 
by an additional 2°C global warming. This allows us to characterise the distribution 
of fire years for the contiguous United States, including extreme years when the 
number of fires or the length of the fire season exceeded those seen in the short 
observational record. We show that spread in the distribution of fire years in the 
reference period is higher in areas with a high mean number of fires, but that there 
is variation in this relationship with regions of proportionally higher variability in the 
Great Plains and southwestern United States. The principal drivers of variability in 
simulated fire years are related either to interannual variability in fuel production 
or atmospheric moisture controls on fuel drying, but there are distinct geographic 
patterns in which each of these is the dominant control. The ensemble also shows 
considerable spread in fire season length, with regions such as the southwestern 
United States being vulnerable to very long fire seasons in extreme fire years. The 
mean number of fires increases with an additional 2°C warming, but the spread 
of the distribution increases even more across three quarters of the contiguous 
United States. Warming has a strong e"ect on the likelihood of less fire-prone 
regions of the northern United States to experience extreme fire years. It also 
has a strong amplifying e"ect on annual fire occurrence and fire season length 
in already fire-prone regions of the western United States. The area in which fuel 
availability is the dominant control on fire occurrence increases substantially 
with warming. These analyses demonstrate the importance of taking account of 
the stochasticity of both climate and fire in characterising wildfire regimes, and 
the utility of large climate ensembles for making projections of the likelihood of 
extreme years or extreme fire seasons under future climate change.
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wildfire, wildfire risk, wildfire occurrence, climate variability, large ensembles, LES, 
climate impacts, interannual variability
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1 Introduction

Recent wild!re events have prompted concern about future 
changes in wild!re regimes. Analyses of remotely sensed burned area 
show signi!cant declines since 2001 in Europe, sub-Saharan Africa, 
southern Africa and Central Asia, but no signi!cant trends in other 
regions of the world (Zubkova et al., 2023). However, there has been 
an overall increase in burned area as a result of wild!res in the 
United States between 1983 and 2022 (EPA, 2024). Other aspects of 
the !re regime are also changing. Extreme wild!re events have become 
more frequent and intense globally (Cunningham et al., 2024) and the 
!re season has lengthened signi!cantly in many regions over the past 
four decades (Smith et al., 2020). #ere has been a strong response of 
!re regimes to warming and land-use change during past centuries 
(Sayedi et al., 2024). A similar response is expected with future global 
warming, with !re risk projected to increase over the 21st century as 
a result of changes in meteorological conditions (Arias et al., 2021). 
Fuel accumulation is also projected to increase with warming (Lu 
et al., 2024), and fuel moisture is projected to decrease across the plant 
productivity gradient (Ellis et al., 2022).

A recent UNEP report (Sullivan et al., 2022), using outputs from 
four climate models under the RCP2.6 and RCP6.0 scenarios, 
predicted a signi!cant increase in burned area globally in the 21st 
century and an increasing trend in the likelihood of extreme wild!re 
events from 2020 to 2100. #at study re$ects the spread of burned area 
outcomes given modelled conditions - based on the distribution of 
possible model parameters from the training data (Kelley et al., 2019) - 
but does not re$ect the full spread due to the chance of di%erent 
realisations of weather that a%ect the likelihood of wild!re occurrence. 
#is second component of the uncertainty can be addressed by using 
a large ensemble (LE) of climate simulations. As the drivers of wild!re 
likelihood (such as temperature, moisture, and vegetation 
productivity) vary between years in a given climate, considering a 
large distribution of simulated years for a given global mean 
temperature, or climate state, allows the full variability in potential !re 
years to be de!ned (Van der Wiel et al., 2021). Modelling this aleatoric 
component of the uncertainty allows us to characterise the otherwise 
unknown spread of the annual wild!re distribution that arises from 
the limited length of the recent wild!re record, and to understand the 
possible extremes of the modern !re regime through better resolution 
of the tails of the distribution.

LEs are a standard method in climate and climate impact science 
where ensemble runs are used to represent the distribution of possible 
outcomes and extremes. LEs have been widely adopted in $ood 
modelling (Cloke and Pappenberger, 2009) and have been used to 
predict extremes for heavy snowfall (Sasai et al., 2019), drought (Van 
der Wiel et al., 2021), extreme heat (Suarez-Gutierrez et al., 2020), and 
!re weather (Squire et al., 2021). #is approach is very applicable in 
the context of !re, which is sensitive to meteorological variability 
between years (Chuvieco et al., 2021) and to changes in vegetation 
properties caused by this variability. LE methods have been adopted 
for projection or attribution of extreme !re weather events (Touma 
et al., 2022; Squire et al., 2021), but have not been applied to other 
factors in$uencing !re regimes. Signi!cant spread has been shown 
between General Circulation Model (GCM) predictions of wild!re in 
California (Dye et  al., 2023; Yue et  al., 2014) and the northern 
United States (Kerr et al., 2018). #ese studies represent a combination 
of aleatoric and systematic uncertainty, and hence cannot 

be interpreted probabilistically (Shepherd, 2019). It is important to 
understand how this uncertainty impacts projections, particularly 
given the rapidly moving target due to climate and land-use change.

Accounting for interannual stochasticity in modelling wild!re 
under present-day and future conditions is important in model 
products designed for the wider !re community. Fire management is 
o&en based on the extrapolation of observed incidence, meaning that 
the e%ect of future environmental change on the !re regime is viewed 
in terms of increasing risk relative to local operational experience. 
However, this approach ignores the possibility that the observed 
occurrence of !res does not provide a full representation of the 
potential !re regime  - including unseen extremes. #e modern 
observational record does not necessarily re$ect the mean response to 
climate since it is strongly in$uenced by variability due to the small 
sample of years considered. Adopting an LE allows a characterisation 
of the distribution of possible events, meaning that the likelihood of 
extremes can be  more robustly determined. Additionally, climate 
change can have a di%erent e%ect on average versus extreme !re years. 
LEs allow a robust characterisation of the full distribution of !re years 
to de!ne vulnerability to extremes as well as changes to the landscape’s 
expected average susceptibility to wild!re.

Here, we apply a previously established modelling methodology 
for the likelihood of wild!re occurrence using an LE to assess the 
distribution of the expected number of !res per year for the contiguous 
United States. We then assess the regional drivers of !re variability and 
variability in the length of the !re season across North American 
ecological regions, or ecoregions (Commission for Environmental 
Cooperation (Montréal, Québec) and Secretariat, 1997). Finally, 
we  consider how these distributions change when subject to an 
additional 2°C of warming, identifying regionally distinct e%ects of 
climate change on both the mean and spread of !re year outcomes.

2 Methods

We use a model that predicts the daily likelihood of !re as a 
function of meteorological, vegetation, and human-activity variables. 
We  take bias-corrected meteorological variables from the Royal 
Netherlands Meteorological Institute Large Ensemble Time Slice 
(KNMI-LENTIS) ensemble for a “modern” period (2000–2009) and 
a hypothetical future (+2°C global warming relative to the modern 
ensemble). We also use these bias-corrected variables as input to a 
light-use e'ciency model to derive gross primary production (GPP). 
Factors related to land cover and human activities are held constant. 
We then analyse the ensemble distribution of !re years under modern 
and future conditions, using a climate reanalysis-driven model as a 
baseline, focusing on how the variability between years varies spatially; 
extreme !re years; and variation in the length of the !re season.

2.1 Fire modelling approach

We use an existing model for the daily probability of !re 
occurrence at 0.1° spatial resolution for the contiguous United States 
(Keeping et  al., 2024), trained on occurrence data from the Fire 
Programme Analysis !re-occurrence database (Short, 2022). #e 
original model selects 12 variables from a suite of 47 candidate 
variables associated with the likelihood of wild!re occurrence, 
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including instantaneous and antecedent predictors of weather 
conditions, plant productivity, plant type, population, and landscape 
development. !e selected variables are then used to predict the daily 
likelihood of a wild"re occurrence using a power-law rescaled 
generalized linear model. Here, a reduced set of 31 candidate predictors 
(Supplementary Table# 1) are used because some of the original 
variables could not be#obtained from the KNMI-LENTIS ensemble, 
and some were eliminated because they were not selected across 1,000 
randomly sampled training datasets. !e selected ensemble-derived 
variables were GPP, precipitation, vapour pressure de"cit (VPD), snow 
cover, diurnal temperature range (DTR), and windspeed across a range 
of antecedences. Inputs derived from KNMI-LENTIS were downscaled 
to the resolution of the "re model since the e$ect of wild"re drivers 
varies across spatial scales (Parisien and Moritz, 2009) and the 
modelled relationships and the thresholds used for these relationships 
would therefore not necessarily be#appropriate at coarser scale.

!e reanalysis model based on the reduced set of variables performs 
as well as the original model. It shows good separability for "re 
occurrence, with an area under the receiver operating characteristic 
curve (AUC) statistic of 0.89. It also performs well spatially, with a 
geospatial normalised mean error (NME) of 0.46, in predicting both 
how concentrated the "re season is (seasonal concentration NME = 0.78) 
and when the peak of the "re season occurs (mean seasonal phase 
di$erence = 0.13), and in predicting interannual variability (interannual 
NME = 0.67). !e model driven by reanalysis data provides a point of 
comparison for the realised likelihood of wild"re given the weather that 
occurred. However, as a reanalysis derived product, it cannot include the 
full stochasticity of the actual weather.

2.2 KNMI-LENTIS ensemble

KNMI-LENTIS (Muntjewerf et# al., 2023) provides a large 
ensemble run of EC-Earth3 (Döscher et#al., 2021) for two climate 
periods, 2000–2009 and +2°C warming from this “modern” period 
(2075–2084 under SSP2-4.5#in EC-Earth3). Each ensemble consists of 
160 simulations of 10 years. !ese 160 ensemble members are created 
combining “macro” initialization and “micro” perturbations, with 16 
di$erent starting conditions created by starting the model at 25-year 
intervals in the pre-industrial spin-up, and running long transient 
(historical and SSP2-4.5) simulations. Each of these 16 runs is then 
subject to nine very small perturbations to the atmospheric 
temperature "eld at the start of the modern and modern + 2°C decades 
to produce two ensembles of 160 members each. !ese 160 members 
yield 1,600 years of data for two climates that are considered relatively 
stable (the 2000s and that climate subject to +2°C warming) since any 
climate trend will be#limited in a 10-year period. Antecedent GPP over 
the preceding year was selected as a predictor, although none of the 
longer antecedent GPP predictors was found to be#important in the 
model training. Antecedent 1-year GPP was calculated by repeating 
the "rst year of the ensemble following Van der Wiel et#al. (2019).

2.3 Bias correction and generation of input 
data

!e KNMI-LENTIS outputs were bias-corrected and downscaled 
by the climate imprint (CI) method (Hunter and Meentemeyer, 2005) 

using ERA5-Land data (Muñoz-Sabater et#al., 2021) for the period 
1990–2019 at 0.1° (~10 km resolution). Bias-correction of the 
meteorological and plant growth predictors reduces the general 
overestimation of GPP and the under/over-estimation of windspeed 
and snow cover in some regions (Supplementary Figure#6) which, 
because of the threshold relationships inherent in the "re probability 
model, would result in the prediction of unrealistically high 
likelihoods of "re occurrence (Supplementary Figure#7).

Although KNMI-LENTIS and ERA5-Land are both ECMWF 
products, the core atmospheric modules are di$erent (IFS Cy36r4 and 
Cy45r1 respectively), IFS Cy45r1 performs better then IFS Cy36r4 
(ECMWF, 2025), and ERA5-Land also uses observational data 
assimilation. !us, the modelling schemes and implementation are 
su%ciently di$erent for ERA5-Land to be# considered as an 
independent source for bias-correction and downscaling of 
EC-Earth3. Whilst reanalysis products are an imperfect representation 
of reality and can be#subject to bias, assessments of ERA5-Land show 
that it performs better than other products in reproducing 
extratropical northern hemisphere land temperatures (Muñoz-Sabater 
et# al., 2021), United# States temperature extremes (Ibebuchi et# al., 
2024), precipitation in the northeastern United#States (Crossett et#al., 
2020) and extratropical precipitation patterns more generally (Lavers 
et#al., 2022). !e representation of precipitation extremes is not as 
good (Lavers et#al., 2022) but this is not important since the wild"re 
model is not sensitive to precipitation exceeding 13 mm/day (Keeping 
et#al., 2024).

!e reanalysis data were averaged by the day-of-year and 
smoothed by a 31-day centred window, thus preserving the seasonality 
but eliminating error introduced by limited sampling of stochastically 
varying years (on leap-years, day 366 was grouped with day 365 for 
this reason). Modern ensemble data was converted into single delta 
values relative to the ensemble day-of-year mean. Zero-bounded 
variables, such as precipitation, were treated multiplicatively whilst 
non-bounded variables, such as temperature, were treated additively. 
!is delta version of the ensemble was then bilinearly downscaled and 
applied to the day-of-year averaged and smoothed reanalysis data. !e 
bias correction was applied to all variables separately. !e same 
procedure was followed for the +2°C ensemble data, but the di$erence 
was between the future ensemble data and the modern ensemble 
day-of-year mean. As some ensemble variables have a 3-h resolution, 
times of day were bias-corrected separately to respect potentially 
di$erent distributions in di$erent parts of the diurnal cycle.

!e 0.1°, 3-hourly or daily bias corrected data were used to 
generate climate predictors for the "re model. Diurnal temperature 
range was derived from the di$erence between the daily minimum 
and maximum temperature. Daily and 5-daily precipitation were 
derived from daily precipitation data. Windspeed was derived from 
the daytime mean of 3-hourly windspeed data, which in turn had been 
calculated from westerly and northerly components prior to the bias 
correction. Snow cover was derived from daily data. Vapour pressure 
de"cit was calculated according to the Buck formula (Buck, 1981) 
from 3-hourly temperature and dewpoint data, which was then used 
to derive the daytime mean value.

!e top four moments (mean, variance, skewness and kurtosis) 
were calculated for the reanalysis and bias-corrected ensemble data 
aggregated by time of day; month; and 2π the ensemble resolution. 
!e mean and variance showed good agreement for all the bias-
corrected variables except windspeed (Supplementary Table#2a). A 
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single-value variance rescaling was thus applied to further correct 
windspeed (Supplementary Table 2b).

2.4 The GPP model

Predictions of GPP were made using a light-use e"ciency model 
(the P model) that combines the Farquhar-von Caemmerer-Berry 
photosynthesis model for instantaneous biochemical processes with 
two eco-evolutionary hypotheses to account for the spatial and 
temporal acclimation of carboxylation and stomatal conductance to 
environmental variations at weekly to monthly time scales (Wang 
et al., 2017; Stocker et al., 2020). #e model uses an empirical function 
to take account of the e$ect of soil moisture stress on photosynthesis, 
as de%ned in Stocker et al. (2020). #e inputs to the P model are air 
temperature (°C), VPD (Pa), air pressure (Pa), incident photosynthetic 
photon &ux density (PPFD, μmol m−2 s−1), the fraction of absorbed 
photosynthetically active radiation (fAPAR), and ambient CO2 
concentration. #e meteorological inputs to drive the P model were 
the bias-corrected and downscaled variables from the KNMI-LENTIS 
ensemble, with the +2°C scenario using CO2 concentrations 
corresponding to the SSP2-4.5 scenario for 2075–2084. fAPAR was 
derived from a prognostic model of the seasonal cycle of the leaf area 
index (LAI) (Zhou et al., 2025), since fAPAR can be derived from LAI 
using Beer’s law. #is model derived the steady-state LAI timeseries 
from the GPP time course based on a general linear relationship 
between “steady-state” LAI, the LAI when environmental conditions 
remain unchanging, and GPP. #e actual estimated LAI is then 
calculated as the time-lagged average of the steady-state LAI. A 
seasonal maximum fAPAR model was embedded in this model to 
limit seasonal LAI predictions (Zhu et al., 2023; Cai et al., 2025).

2.5 Ecoregions

To conduct regional analyses of wild%re patterns, we aggregated 
data using the Level I  Ecological Regions of North America 
(Commission for Environmental Cooperation (Montréal, Québec) 
and Secretariat, 1997). Two ecoregions that occupy relatively small 
areas in the contiguous United States were merged with a closely 
related ecoregion, following Balik et al. (2024). Speci%cally Tropical 
Wet Forests (in southern Florida) were merged with Eastern 
Temperate Forests, and Southern Semi-arid Highlands (in 
southeastern Arizona) were merged with Temperate Sierras. #e eight 
ecoregions used here are: Eastern Temperate Forests; Great Plains; 
Marine West Coast Forest; Mediterranean California; North American 
Deserts; Northern Forests; Northwestern Forested Mountains; and 
Temperate Sierras (Supplementary Figure 1a). When describing more 
speci%c geographical regions, we followed the naming convention of 
the United States Census Bureau (Supplementary Figure 1b).

2.6 Fire year metrics

#e ensemble-driven %re model is compared to the reanalysis-
driven %re model rather than to the observations to provide a like-for-
like comparison of the contemporary probability of wild%re, because 
of the stochasticity of the realised wild%re record. #e %re occurrence 

model is daily, accounting for the daily extremes that drive the annual 
likelihood of %re, but the analysis here is annual to focus on variability 
between %re seasons and not on daily scale variability in weather. #e 
spread of the ensemble is de%ned as the 1st to 99th percentile of the 
ensemble %re years by grid cell since this is more robust than the 
maximum and minimum of the distribution (Supplementary Figure 2). 
A leave-one-out (LOO) approach was used to identify the predictor 
that contributes most to interannual variability in %re occurrence. A 
version of the ensemble was generated for each of the eight climate 
predictors by taking the average for each day of the year across the full 
ensemble to eliminate interannual variability of that predictor. #is 
approach preserves seasonality but means that all years are identical 
for that predictor across ensemble members. #e mean absolute 
di$erence between the original and LOO annual number of %res was 
used to measure the contribution of that predictor to variability. #e 
length of the %re season was de%ned as the number of days exceeding 
a threshold of 50% of the average of the week with the most %res at 
each location in the reanalysis model. We also compared the reanalysis 
maximum %re years (from the 1990s, 2000s and 2010s) to the 160 
ensemble decades by ecoregion to determine whether the observed 
decadal maximum falls in the distribution of possible decadal maxima 
for a similar environment. #is also allows us to examine if there was 
a trend in the reanalysis period that could a$ect the comparison with 
the ensemble model.

3 Results

3.1 Modern day fire regimes

#e spatial pattern of number of %res in the reanalysis-based 
model is broadly consistent with the observational record (Short, 
2022), although as expected the observed map is less smooth 
(Figure 1). Despite the good overall agreement with observations, 
there are some di$erences - for example the greater extent of wild%res 
in northern parts of the Mountain West and East North Central, and 
the sharper boundaries of regions where wild%re does not occur in 
heavily farmed regions of the East North Central (the Corn Belt) and 
East South Central (the Mississippi Valley). #e model is a reliable 
predictor for the probability of wild%re occurrence, and the reanalysis-
based model mean shows good agreement (R2 = 0.96) with the KNMI-
LENTIS modern ensemble mean, indicating that the bias-corrected 
ensemble data is also reliable. Without bias-correction and 
downscaling, the %re model shows the correct geographic patterns but 
seriously overestimates the probability of %re in high-likelihood 
regions (Supplementary Figure 7).

#e absolute spread of the 1,600-year ensemble for the expected 
annual number of %res (Figure 1d) is largest in regions with a high 
mean number of %res. #e regions most susceptible to wild%re 
occurrence over a long period also show the highest absolute spread 
in %re occurrence on a year-to-year basis, with extreme years 
contributing substantially to the higher-than-average rate of wild%re. 
As the mean and spread of the ensemble distribution are strongly 
associated spatially, the ratio between them (the relative spread) 
indicates where the skewed %re year distribution 
(Supplementary Figure  2) is longer tailed, and where there is a 
di$erent response in the spread and mean of the distribution to 
warming. #e relative spread (Figure 1e) is highest in the Great Plains, 
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the Warm Deserts, the coast and hills of Mediterranean California, 
and southern Florida. In contrast, a large region of the eastern 
United States has a high mean number of expected "re events but low 
relative spread. #e relative spread identi"es regions where previously 
unseen extremes could be substantially above the recent mean, with 
Mediterranean California and the southern Great Plains being 
characterised by particularly high mean annual "res and 
relative spread.

#e model predictors can be  categorised into static variables 
(rural population density, shrubland cover, needleleaf cover, cropland 
cover) and dynamic variables that vary with time, including 
meteorological (mean daytime VPD, DTR, mean daytime windspeed, 
snow cover, precipitation in the prior 5-days, and daily precipitation) 
and vegetation (GPP in the prior year and GPP in the prior 50-days) 
variables. #e four most in$uential variables in the model 
(Supplementary Table 1) were annual GPP, VPD, rural population 
density and 50-day GPP, respectively.

Comparison of the original "re year ensemble and the ensemble 
with the interannual variability of individual variables "xed showed 
that the primary driver of interannual "re variability re$ects two sets 
of controls: atmospheric drying (VPD, DTR) and fuel availability 
(GPP) (Figures 2a, 3a). Fuel availability is the most important control 
on interannual variability in the eastern Great Plains, Eastern 
Temperate Forests, Mediterranean California, Temperate Sierras, and 
the southern North American Deserts. Atmospheric drying is most 
important in the lower "re-occurrence areas of the Mountain West 
and northern Paci"c West. VPD and annual GPP control "re year 
variability across most of the United  States, but DTR is more 
important in the Marine West Coast Forest, the northeastern Northern 
Forest, and a small area west of the Great Lakes. #ese three regions 

have the lowest interannual variability in VPD, whilst DTR variability 
is more homogeneous in the surrounding areas. GPP in the prior 
50 days is also an important control in much of the Northwestern 
Forested Mountains. Interannual variability in VPD is the most 
important control of variability in severe "re years, as indexed by the 
top  1% of "re years (Figure  2c), except in the southwestern 
United States (Figure 3c) where fuel availability is the main control.

#e mean "re season length is < 30 days over much of the 
United States (reanalysis-model, Supplementary Figure 4a; modern 
ensemble, Figure 4a), except for the southwestern North American 
Deserts where the season can be  up to 4 months long. #ere is 
considerable variation in the extremes of the distribution in "re season 
length (Figure  4c) and this can be  signi"cantly higher than the 
maximum registered in the 30-year reanalysis period 
(Supplementary Figure 4b). #e East South Central and southern 
South Atlantic regions can experience long "re seasons of up to 
120 days. However, most of the region with long "re seasons in severe 
years – o%en multiple times longer than the mean "re season – lies 
west of the 100th meridian: the Warm Deserts and southern 
Mediterranean California see increases from 10–120 to 120–240 days 
in extreme years. Although these regions are characterised by a long 
"re season, they are also the most exposed to unseen extremes.

#ere are large di&erences in the spread of the distribution of the 
decadal maximum "re year across the 160 ensemble-based simulations 
(Figure 5), with Mediterranean California, the Temperate Sierras, and 
the Great Plains showing the largest spread and Marine West Coast 
Forest, Northwestern Forested Mountains, Northern Forests, and 
Eastern Temperate Forests showing a relatively con"ned distribution. 
#e distribution of the decadal maximum "re year in the simulations 
is congruent with the maximum for each decade in the 

FIGURE 1

Modelled and observed patterns in the annual number of wildfires greater than 0.1 hectares, with both the mean and 1st-99th percentile spread 
shown. The plots show (a) the observed annual mean of the wildfire occurrence record for 1992–2020; (b) the modelled reanalysis mean for 1990–
2019; (c) the modelled ensemble mean for the modern (2000–2009 climate); (d) the modelled ensemble spread for the modern; (e) the ratio of model 
spread and mean for the ensemble modern; (f) the +2°C ensemble mean (2000–2009 climate plus 2°C of warming); (g) the +2°C ensemble spread; 
and (h) the ratio of model spread and mean for the +2°C ensemble.
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reanalysis-based model for some ecoregions (Figure 5), most notably 
in the Great Plains and the Eastern Temperate Forests. However, the 
tail of the simulated decadal maximum "re year in Mediterranean 
California, the North American Deserts, and the Temperate Sierras 
greatly exceeds the maximum in the reanalysis-based model. #ere is 
only one region, Northern Forests, where the maximum in the 
reanalysis-based model lies outside the ensemble-based distribution. 
#e extremes from each of the three reanalysis decades di$er 
(Figure 5), re%ecting the observed warming trend since the 1990’s. 
#is highlights the unreliability of estimating extremes from the 
reanalysis model rather than the ensemble-based model.

3.2 Future fire

#ere is an increase in both the mean and spread of total annual 
wild"res across all regions of the United States in the +2°C ensemble-
based simulations (Figure 1, Supplementary Figure 5). #e mean 
annual number of "res is more than double in the Midwest and 
Northeast. However, the greatest changes are in the West 
(Supplementary Figure 5) and most pronounced in the higher fuel-
load environments of the Northwestern Forested Mountains. #e 
increase in the spread is generally greater than the increase to the 
mean (Figure 1h): 78% of the contiguous United States shows an 

FIGURE 2

Relative importance (as measured by the area where the variable is the dominant e!ect) of di!erent drivers for the variability in the modelled number 
of wildfires per year as shown by the leave-one-out analysis. The top plots show the drivers in the modern (2000–2009) ensemble for (a) all fires and 
(c) the top 1% of fire years. The bottom plots show the drivers in the +2°C ensemble, for (b) all fires and (d) the top 1% of fire years. DTR is the diurnal 
temperature range, VPD is vapour pressure deficit, GPP is gross primary production.

FIGURE 3

Maps showing the areas where each variable is the dominant driver of interannual variability between fire years. The top plots show the drivers in the 
modern (2000–2009) ensemble for (a) all fires and (c) the top 1% of fire years. The bottom plots show the drivers in the +2°C ensemble, for (b) all fires 
and (d) the top 1% of fire years. DTR is the diurnal temperature range, VPD is vapour pressure deficit, GPP is gross primary production.
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increase in spread greater than that of the mean in the +2°C 
ensemble, and the spread increases by > 1.2 times the mean over 34% 
of the region (Supplementary Figure 3). Fire years are consistently 
most variable relative to the mean annual number of "res in the 
Great Plains, Warm Deserts, and Mediterranean California. #ere is 
also a marked increase in relative spread in the southern Great Plains 
and Warm Deserts. #e southeastern United States has the most 
limited increase in both mean annual number of "res and 
interannual spread.

GPP and atmospheric drying (VPD and DTR) are the most 
important drivers of interannual variability in the +2°C ensemble-
based simulations (Figure  2). However, GPP is the predominant 
control on "re year variability over 71% of the contiguous United States 
in the +2°C ensemble compared to 60% in the modern ensemble. 
Much of the expansion of the region where GPP is the primary control 
is in the West. In the +2°C ensemble scenario, the modelled average 
annual GPP increases across the contiguous United States, with a 
mean increase of 41% compared to a 49% increase in the average CO2 

FIGURE 4

Maps of fire season length. The mean for (a) the modern ensemble and (b) + 2°C ensemble, and the resolvable maximum (99th percentile) for (c) the 
modern ensemble and (d) + 2°C ensemble number of days exceeding a threshold of 50% of the average of the modern ensemble week with the most 
fires at each location. This number of locally relatively fire-prone days is considered as the e!ective fire season length.

FIGURE 5

Coloured histograms show the distribution of the maximum number of fires in a year per ensemble member (i.e., one simulated decade) in di!erent 
ecoregions; the grey histograms show the distribution of the 10-year maximum in the same ecoregion after an additional +2°C warming. The 
maximum number of fires per decade in the reanalysis-based model are shown by horizontal lines. The map shows the area covered by each 
ecoregion.
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concentration, and with 99% of the contiguous United States showing 
an increase in GPP relative to the modern ensemble. "e +2°C 
scenario also shows a GPP response of greater variance between years 
relative to the modern ensemble scenario across 99% of the contiguous 
United States, with 66% of the area of the contiguous United States 
showing an increase in the variability relative to the mean as shown 
by coe#cients of variation of the modern and +2°C ensembles. 
Variables related to atmospheric drying become more important in 
the southeastern United States, where interannual variability is almost 
entirely controlled by GPP in the modern ensemble (Figure 3). DTR 
emerges as a more signi$cant e%ect than in the modern ensemble. "e 
area where it is the most important factor doubles. "e region where 
VPD is the primary control decreases to one third of its extent in the 
modern ensemble. GPP over the prior 50 days becomes a more 
important driver of interannual variability than annual GPP in much 
of the South. GPP in the prior 50 days also replaces VPD as the 
dominant driver for the top 1% of $re years in parts of the same 
region – indicating an increase in the importance of low-productivity 
intervals (for example drought) for driving interannual variability.

"e length of the $re season is increased in the 2°C ensemble 
compared to the modern ensemble (Figure 4), with increases to the 
mean $re season in the West and East South Central regions. "ere 
are regions of the southwestern North American Deserts and 
southern Mediterranean California where the top percentile of the 
distribution of $re season length is > 300 days. More northerly 
regions, such as the Northwestern Forested Mountains, are projected 
to experience $re seasons that would be normally associated with 
more southerly $re regimes. All ecoregions show a strong increase 
in the distribution of decadal extreme $re years (Figure  5). "e 
Northern Forests ecoregion shows the greatest change: there is 
virtually no overlap between the 2000–2009 and the +2°C extreme 
distributions. A similar but less extreme di%erence occurs in the 
Northwestern Forested Mountains.

4 Discussion

"e interannual spread of number of $res is greater than the mean 
expected number in the modern ensemble, meaning that the annual 
wild$re occurrence distribution can be described as highly variable 
and sensitive to interannual climate variability. Areas with a higher 
mean expected number of $res are likely to have a correspondingly 
higher spread in the distribution of annual number of $res, however 
there are geospatially distinct patterns in the spread of the distribution 
relative to the mean. "ere is an apparent e%ect of warming on the 
most extreme $re year per decade (across all eight ecoregions) over 
the past 30 years. "e distribution of modelled decadal maxima in the 
modern climate consistently exceeds the reanalysis decadal maxima 
in all ecoregions. Drier ecoregions show higher spread between 
decadal maxima relative to the median decadal maximum of the 
ensemble. "is e%ect could arise from the widespread variability in 
aggregated $re risk that can occur due to widespread drought a%ecting 
a large portion of an ecoregion, an established ampli$er of wild$re risk 
in the West (Richardson et al., 2022). Whilst wild$re occurrence is 
high in the South and in highly populated areas, the southern West 
and southern Great Plains are the regions where relatively extreme 
years and extreme $re seasons are most likely under both the modern 
ensemble and +2°C ensemble scenarios.

"e interannual variability in $re is largely controlled by the 
interannual variability in daily VPD or annual GPP, which 
correspond to variability in fuel moisture content and fuel 
availability, respectively. In the modern ensemble, fuel availability 
is consistently the most important driver in the southwestern 
United States, even for the top 1% of $re years which are primarily 
controlled by VPD in other regions. "e response of GPP to climate 
change in the future scenario shows that the generally positive 
e%ects of CO2 on average outweigh the negative e%ect of increasing 
incidence of soil moisture stress on net primary production. "is is 
consistent with the $ndings of Cai and Prentice (2020) that in the 
United States the predominant controls on GPP are plant cover 
(fAPAR) and CO2, as well as matching recent (Jeong et al., 2024) 
and projected (Knauer et al., 2023) trends in GPP. GPP becomes 
more variable in the +2°C ensemble scenario, even relative to the 
increase in the mean. "e overall e%ect of this is to increase fuel 
production, increasing $re likelihood given equivalent weather 
conditions, and to increase the variability in fuel production 
between years, enhancing the impact of GPP variability in driving 
variability between $re years. "is is seen in the increasing area of 
the West in the +2°C ensemble scenario for which GPP is the 
primary control of interannual wild$re variability – consistent with 
the $ndings of Abatzoglou et al. (2021) that the $res in the western 
United  States are increasingly constrained by increasing fuel 
availability with near-term future warming, despite increases in $re 
likelihood. Fuel limitation is also characteristic of the Great Plains, 
where annual GPP is the dominant control of interannual variability 
in $re occurrence in both the modern and the +2°C ensembles. "e 
herbaceous fuels in this region have a shorter lifespan and are more 
sensitive to aridity (McGranahan and Wonkka, 2024), meaning that 
years of low productivity associated with lower moisture strongly 
reduce $re likelihood (Guyette et al., 2015; Knapp, 1998). VPD is a 
well-established control on the daily likelihood of wild$re (Mueller 
et  al., 2020) but even in fuel-availability controlled regions, the 
top  1% of $re years in both the modern ensemble and +2°C 
scenarios are o&en controlled by VPD. Even though annual GPP is 
the chief control of interannual variability, the interannual variation 
in VPD controls whether an extreme $re year occurs, consistent 
with its in'uence on extreme burned area in the West (Williams 
et al., 2019).

We identi$ed DTR as the primary driver of interannual variability 
in the Northeast in the modern ensemble and in the Northeast and 
Appalachia (the mountainous inland region that extends parallel to 
the coast down from the Northeast) in the +2°C ensemble. Seager 
et al. (2015) showed there is strong interannual variability in summer 
VPD in all of the United States except for Florida and the Northeast, 
and that VPD does not exert a strong e%ect on soil dryness in the 
Northeast and Appalachia. Physically, DTR and mean daily VPD are 
strongly linked, with VPD having an exponential response to 
temperature (through saturation vapour pressure, SVP) modulated by 
relative humidity; VPD = SVP (1  – RH/100). "e exponential 
response of SVP to temperature means that, physically, DTR 
corresponds to the daytime increase in SVP whilst VPD corresponds 
directly to the rate of vegetation drying by di%usive evaporation, 
separate from thermal or photomolecular vaporisation (Tu et  al., 
2023). "us, one explanation for the emergence of DTR as a more 
important contributor to interannual wild$re variability in regions 
where VPD is less variable could be related to increased atmospheric 
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instability and increased cloud-free days, which result in greater night-
time cooling and daytime warming: both of which are associated with 
elevated wild!re risk (Haines, 1988; Williams et al., 2018). Increases 
in the expected area per year of the Northern Hemisphere a#ected by 
atmospheric blocking (Nabizadeh et al., 2019) could also contribute 
to this. Atmospheric blocking is associated with long-term cloud-free 
conditions (Lupo, 2021), which are in turn associated with periods of 
higher-than-average DTR (Dai et al., 2001), so an increase in blocking 
events with climate change could explain greater interannual variation 
in DTR. $e fact that DTR becomes a more widespread control a%er 
warming shows that despite VPD being an e#ective predictor of 
wild!re risk (Sedano and Randerson, 2014) and widely used in 
empirical !re models (Haas et al., 2024), other metrics for atmospheric 
drying are more appropriate regionally.

Cumulated GPP over the 50 prior days is the primary control in 
the more !re-prone regions of the Northwest Forested Mountains, and 
it is also important over much of the South in the +2°C ensemble. 
Extreme !res have been linked to short-term acute drought in the 
South (Barbero et al., 2014), which may explain why variability in 
short-term vegetation productivity in&uences !re year variability in 
such relatively high productivity regions. $e increase in importance 
of this control in the +2°C ensemble, particularly in the top 1% of !re 
years for occurrences, may re&ect the increasing vulnerability to 
severe drought in some regions with warmer climates.

It was necessary to ensure that the ensemble climate data was 
directly comparable to the reanalysis data in order to compare the 
ensemble and reanalysis wild!re models. We  bias-corrected and 
downscaled the climate ensembles to map the climate ensemble onto 
the local reanalysis distribution using a relatively simple approach. $e 
analyses show that this reduces but does not eliminate bias in the 
ensemble. $e CI downscaling method used in this study can result in 
some distortion of the spatial covariance of climate variables, but 
preserves the temporal dynamics and representation of extremes 
(Maraun, 2013; Hnilica et al., 2017; Sobie and Murdock, 2017). More 
complex methods of bias correction (e.g., quantile mapping, Grillakis 
et  al., 2017; or multivariate techniques, François et  al., 2020) can 
produce a more precise correspondence but they impose a greater 
change on the climate-model distribution. $e method used here is 
intended to be more robust by not making extreme – and thus more 
likely unphysical – alterations to the underlying distribution of the 
original climate ensemble (see Karger et al., 2023; Tefera et al., 2024; 
Mosier et al., 2014).

$e moments of the ensemble GPP distribution correlate less well 
to the reanalysis than for other bias-corrected variables 
(Supplementary Tables 2a,b), and this may help to explain why the 
reanalysis decadal maxima is consistently lower than the median in 
more arid ecosystems such as Mediterranean California, the North 
American Deserts, and the Temperate Sierras. $is e#ect could 
be  because GPP variability is not well re&ected in the ensemble, 
possibly because the simulated fAPAR is based on an optimal response 
to environmental conditions during a given year and does not take 
account of prior disturbances or multi-annual changes in soil 
moisture. $erefore, whilst the ensemble GPP serves as a best estimate 
for an undisturbed vegetation regime, environments identi!ed as 
primarily driven by variability in dryness-related predictors would 
naturally still be controlled by vegetation abundance or productivity 
in the case of high levels of disturbance, such as deforestation or 
prior wild!res.

$e stochastic realisation of individual !re year conditions 
drives di#erences in potential outcomes from an impacts and 
management perspective. LE approaches have been adopted by the 
climate impacts community (e.g., Cloke and Pappenberger, 2009; 
Bevacqua et al., 2023; Van der Wiel et al., 2020), and bring bene!ts 
for wild!re modelling, both in gauging the likelihood of !re 
extremes and in contextualising the observational record. However, 
there are two di'culties that may limit the use of LEs for wild!re. 
Firstly, wild!re is in&uenced by vegetation properties and human-
activities more than many other climate-related hazards. $e 
impact of human activities in particular is di'cult to simulate 
reliably. Secondly, as in the case of the renewable energy community 
(Craig et al., 2022), there is o%en a need in wild!re studies to look 
at spatial resolutions !ner than available from accessible climate 
datasets. Despite these di'culties, there are clear bene!ts to 
employing LE methods in wild!re modelling – allowing for the 
better estimation of resource demand in possible extreme years, 
and characterisation of the interannual variability inherent to a 
!re regime.

From a !re management perspective, the LE provides information 
about potential extremes that are not captured in the relatively short 
observational record and which might therefore pose a challenge for 
existing wild!re management resources. $e approach can 
be employed to de!ne regions susceptible to very long !re seasons, of 
use for planning suppression capacity in extreme years. In the 
southwestern United  States, for example, the existing trend of a 
lengthening !re-season (Jain et  al., 2017) continues with future 
warming. LEs can also be  used to understand emerging issues in 
vulnerability and exposure to wild!re. $e proneness of the southern 
West and southern Great Plains to extreme !re years corresponds to 
areas of shrubland and grassland, where the development of the 
wildland urban interface has been greatest (Radelo# et al., 2023). 
Given the increasing concern about the increasing costs of changing 
!re regimes in the United States and the likelihood that these will 
continue to worsen in coming years (Lee et al., 2015; Melvin et al., 
2017; Schoennagel et al., 2017; Murphy et al., 2018; Iglesias et al., 
2022), the LE approach provides a more robust management 
framework for assessing !re occurrence and extremes than 
currently available.

5 Conclusion

$e application of an LE approach to wild!re occurrence 
modelling provides a more robust characterisation of !re regime 
properties than provided by the observational record. $is makes it 
possible to estimate the likelihood of extreme !re years – as seen both 
in the probability of !re occurrence and the length of the !re season. 
Climate warming extends the area that experiences wild!res. More 
importantly, climate warming a#ects the average probability of !re 
occurrence in !re-prone regions and can cause even larger shi%s in 
extremes in some regions. Interannual variability in !re occurrence is 
largely controlled by factors a#ecting fuel availability or fuel drying. 
$e relative importance of these controls varies between regions in the 
present-day climate. However, fuel availability becomes an even more 
important control on !re probability under climate warming. 
Application of an LE approach provides a useful tool for characterising 
!re regimes and how they might change in the future, and thus a 
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stronger basis for designing mitigation and adaptation 
management strategies.
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3.7 Supplementary: Present and future interannual variability in 

wildfire occurrence: a large ensemble application to the United 

States 
This Supplementary contains the following figures and tables: 

Supplementary Figure 1: The regions used to aggregate data in this study. 

 

Supplementary Figure 2: The distribution of the annual number of fires for 16 randomly 

selected sites. 

 

Supplementary Figure 3: The total annual number of fires for the contiguous US for the 

modern and modern +2°C periods. 

 

Supplementary Figure 4: The reanalysis fire season length calculated according to the Section 

2.5, with the maximum being the 99th percentile of the distribution. 

 

Supplementary Figure 5: The multiplicative increase in the mean and spread of the annual 

number of fires distribution after a further 2°C warming from the modern. 

 

Supplementary Figure 6: Comparison of the geospatial means of the six dynamic driving 

variables in KNMI-LENTIS and ERA5-Land. 

 

Supplementary Figure 7: Comparison of: observed wildfire occurrences, reanalysis driven 

modelled occurrences, the modern ensemble of fire model outputs driven by bias-corrected and 

downscaled data, the modern ensemble of fire model outputs driven by raw data. 

 

Table 1: Overview of candidate and selected predictor variables. 

 

Tables 2a and 2b: Bias correction performance statistics. 
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Supplementary Figure 1. The regions used to aggregate data in this study, where (a) shows the 

ecoregions as defined by of Balik et al. (2024), and (b) shows the US Census Bureau regions. 

The regions can be further aggregated as West (Pacific West, Mountain West); Midwest (West 

North Central, East North Central); Northeast (Middle Atlantic, New England); South (West 

South Central; East South Central; South Atlantic). 

 

Supplementary Figure 2. The distribution of the annual number of fires for 16 randomly 

selected sites, showing that the maximum is highly variable but 99th is much more stable. 
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Supplementary Figure 3. The total annual number of fires for the contiguous US for the modern 

and modern +2°C periods. 

 

Supplementary Figure 4. The reanalysis fire season length calculated according to the Section 

2.5, with the maximum being the 99th percentile of the distribution. 
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Supplementary Figure 5. The multiplicative increase in the mean and spread of the annual 

number of fires distribution after a further 2°C warming from the modern. 

 

Supplementary Figure 6: Comparison of the 2000-2009 averages of the six dynamic driving 

variables from KNMI-LENTIS and ERA5-Land. 
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Supplementary Figure 7: Modelled and observed patterns in the annual number of wildfires 

greater than 0.1 hectares, with both the mean and 1st-99th percentile spread shown. Plots (a) 

to (e) are taken from Figure 1 in the main text and show (a) the observed annual mean of the 

wildfire occurrence record for 1992-2020; (b) the modelled reanalysis mean for 1990-2019; (c) 

the modelled ensemble mean for the modern (2000-2009 climate); (d) the modelled ensemble 

spread for the modern; (e) the ratio of model spread and mean for the ensemble modern. The 

remaining plots show the results obtained using outputs from the KNMI-LENTIS before 

downscaling and bias correction: (f) the modelled ensemble mean for the modern (2000-2009) 

climate; (g) the modelled ensemble spread for the modern climate, and (h) the ratio of model 

spread and mean for the ensemble modern climate. 
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Table 1. Overview of candidate and selected predictor variables. Daytime is defined as 4AM to 8PM 
local time. 

Variable Type: Candidates: Selected in model  

(t-value in brackets) 

Land-cover Cropland fraction; herbaceous fraction; 
needleleaf fraction; shrubland fraction; forest 
fraction. 

Cropland fraction (-6.6);  
needleleaf fraction (7.3);  
shrubland fraction (-10.9) 

Plant 
productivity 

GPP (50-day, 100-day, 150-day, 1-year, 2-
year, 5-year, 10-year) - accumulated gross 
primary productivity 

50-day GPP (-16.5); 1-
year GPP (17.4) 

Topographic Elevation; vector ruggedness metric (VRM)  

Human 
landscape 
impact 

Population density; rural population density; 
road density 

Rural population density 
(17.2) 

Meteorological Diurnal temperature range; surface soil 
moisture; precipitation (daily and 5-day 
total); mean daytime downwelling shortwave 
radiation; daytime windspeed (mean and 
maximum); snow cover fraction; daytime 
temperature (mean and maximum); vapour 
pressure deficit (daytime mean and maximum, 
night-time mean and 10-day average). 

Diurnal temperature range 
(9.3); daily precipitation (-
5.0); 5-day precipitation (-
5.5); mean daytime 
windspeed (8.8); snow 
cover fraction (-7.0); mean 
daytime vapour pressure 
deficit (17.3) 
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Tables 2a and 2b. Bias correction performance statistics, based on correlation of statistics for data 
aggregated at 2π x ensemble resolution and monthly. Table 2a gives the bias correction performance 
statistics of the raw variables from which predictors were calculated (3-hour timestep for 
temperature, dewpoint and windspeed, and otherwise daily) and Table 2b the derived predictor 
variables (daily). The variable abbreviations are: Daily Mean Surface Windspeed (sfcwind); Daily 
Mean VPD (vpd); Diurnal Temperature Range (DTR); Daily Snow Cover (snc); Daily Total 
Precipitation (pr); Total Precipitation in Prior 5 days (pr_5d); GPP in Prior 50 Days (GPP_50d); GPP 
in Prior 1 Year (GPP_1yr). 

R2  Temperature Dewpoint Snow Cover Windspeed Precipitation GPP 

Mean 0.999 0.999 0.997 0.997 0.987 0.969 

Variance 0.762 0.809 0.519 <0 0.789 <0 

Skewness 0.463 0.542 0.241 0.134 0.496 <0 

Kurtosis 0.085 0.086 <0 <0 0.291 <0 

 

R2  sfcwind vpd dtr snc pr pr_5d GPP_50d GPP_1yr 

Mean 0.922 0.987 0.983 0.994 0.985 0.985 0.881 0.773 

Variance 0.567 0.812 0.684 0.409 0.726 0.771 <0 <0 

Skewness 0.073 <0 0.741 0.098 0.110 0.307 <0 0.531 

Kurtosis 0.020 <0 0.052 <0 <0 <0 <0 0.266 
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Influence of global climate modes on wildfire 
occurrence in the contiguous United States 
under recent and future climates 
This chapter was accepted by Climate Dynamics in November 2025. Its content is built on the 

original research in Chapters 2 and 3, and seeks to further understand the drivers of high wildfire 

occurrence years by assessing the association of global climate modes and interannual wildfire 

variability over the contiguous US. Chapter 4 answers the question, can interannual variability 

in wildfire occurrence be predicted by climate modes? This question is answered by analysis of 

the area of significant effect of each climate mode over the study region, as well as the 

magnitude of that effect on modelled annual wildfire counts. These associations were found 

and compared in the recent and future climate fire years defined in Chapter 3, with the analysis 

also including the effect of the most impactful climate modes on the length and timing of the 

fire year. 

 

Chapters 2 and 3 both investigate the drivers of higher wildfire activity, at a daily and annual 

timescale respectively. This chapter then seeks to establish whether the incidence of those 

driving conditions are sufficiently influenced by persistent climate modes to have a substantial 

effect on annual wildfire patterns. Chapter 4 is a companion chapter to Chapter 3, identifying 

operationalisable relationships between predictable and persistent climate modes and regions 

of higher wildfire activity. It extends the short-term predictive utility of the occurrence model 

presented in Chapter 2, to a monthly to annual timescale – depending on the predictability of 

the climate mode. Chapter 4 also includes justification for the use of an LE in understanding 

wildfire teleconnections, demonstrating that observational data from the recent reanalysis is not 

sufficient to derive statistically significant relationships between wildfire activity and climate 

modes. This is proof of concept of the argument made in Chapter 3, that observed fire years can 

be best understood in the context of the broader distribution of unrealised weather-years in the 

current climate.  
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Predictable modes of climate variability, such as the El Niño Southern Oscillation (ENSO), 

have a major influence on regional weather patterns, an important control on wildfire 

occurrence. Although these global climate modes have been associated with historical 

variability in wildfire occurrence in the United States and are used to forecast seasonal wildfire 

risk, precise information about the spatial pattern and magnitude of their influence is lacking 

and the satellite record of wildfires is too short to address these issues. Here we use wildfire 

occurrence model with a large ensemble of 1600 simulated years from EC-Earth3 in a recent 

climate (2000-2009) and a future climate corresponding to +2°C global warming, to 

characterise the impact of specific climate modes on wildfire occurrence in the contiguous US. 

We show that ENSO, the Indian Ocean Dipole (IOD), and the 1-year lagged Tropical North 

Atlantic (TNA+1) have the greatest effect on annual fire occurrence – strongly contributed by 

the effect of these modes on hot, dry conditions in the Great Plains and precipitation in the 

southwestern US. El Niño is not significantly associated with wildfire occurrence in the 

northwestern US, contrary to expectation, but is associated with a later (earlier) wildfire season 

peak in the southwestern (southeastern) US. Under future warming, the AMO and PNA become 

a significant influence over most of the US, and the magnitude of impact of ENSO and TNA+1 

increase strongly.  
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4.1 Introduction 

With climate change, extreme wildfires are occurring at a greater frequency and intensity 

(Cunningham et al., 2024). Severe fire years often occur when synoptic-scale hot and dry 

weather events cause extremely wildfire-prone conditions (Gedalof et al., 2005; Barnes et al., 

2025), resulting in multiple large wildfire events; the Australian 2019-2020 (NSW EPA, 2021) 

and the Canadian 2023 (Pelletier et al., 2024) fire seasons are examples of this. Whilst the 

occurrence of such conditions is generally increasing with climate change, there is a high 

variability in wildfire activity and its climatic drivers between years (Abatzoglou et al., 2018). 

This interannual variability is a key property of the wildfire regime, and in the United States 

(US) – the focus of this study – there are strong geospatial patterns in annual wildfire variability 

distinct from the mean rate of wildfire (Keeping et al. 2025). 

Global modes of climate variability, such as the El Niño Southern Oscillation (ENSO), have 

been linked to fire year variability. In additional to natural stochasticity in wildfire outcomes, 

climate variability explains much of the interannual variability in burnt area globally 

(Abatzoglou et al., 2018; Gincheva et al., 2024). Approximately half of global burnt area is 

modulated by climate modes (Chen et al., 2016; Cardil et al., 2023) through their influence on 

rainfall, temperature and spring onset (Dai and Wigley, 2000; Abram et al., 2014; Schwartz et 

al., 2013). In the US, ENSO and other climate modes have been shown to have a significant 

influence on wildfire danger (Mason et al., 2017). Climate modes can be used to forecast 

seasonal wildfire danger (Shen et al., 2019), and ENSO and the Pacific Decadal Oscillation 

(PDO) are adopted in the published seasonal outlook by the US government (NIFC, 2024a).  

There is an extensive tree-ring literature linking historic wildfire events in the western US (west 

of the 100˚W meridian) and climate modes (see Supplementary Section 1 for more details), 

primarily focusing on ENSO, the PDO, and the Atlantic Multidecadal Oscillation (AMO). 

These studies often cover multiple centuries, correlating reconstructed climate modes with tree-

ring fire scars. The primary influence on wildfire in the southwestern US is ENSO: tree-ring 

reconstructions (Kitzberger et al., 2007; Margolis and Swetnam, 2013; Swetnam and 

Betancourt, 1990; Westerling and Swetnam, 2003) link La Niña years to drought and a higher 

probability of wildfire. Reanalysis-based studies find the same effect (Mason et al., 2017). Tree-

ring reconstructions also link El Niño years to a later southwestern fire-season peak (Kitzberger 

et al., 2001). In the northwestern US, tree-ring studies link El Niño years to higher wildfire 

activity (Hessl et al., 2004; Johnston et al., 2017) through a reduction in precipitation 
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(Westerling and Swetnam, 2003). This effect is linked more strongly to wildfire size than to the 

rate of occurrence (Heyerdahl et al., 2002). Recent data support the link between El Niño and 

very large wildfires in this region (Barbero et al., 2015). However, a study of remotely sensed 

burnt area covering a shorter period but a larger area found that the influence of ENSO on 

wildfire in the western US is weak compared to other key relationships between wildfire and 

climate modes globally (Cardil et al., 2023).  

The positive phase of the PDO (PDO+) has been linked to greater burnt area in the northwestern 

US in tree-ring analyses, especially when in conjunction with El Niño (Ascoli et al., 2020; 

Heyerdahl et al., 2002, Norman and Taylor, 2003; Schoennagel et al., 2005). However, 

reconstructions of the PDO vary significantly and the effects on US wildfire depend on the 

specific reconstruction (Kipfmueller et al., 2012). Tree-ring reconstructions also associate the 

warm AMO+ with increased burnt area in the West, with studies primarily centred on the 

northwestern US (Ascoli et al., 2020; Kitzberger et al., 2007; Trouet et al., 2010). The positive 

Pacific/North American (PNA+) mode has also been associated with an earlier spring onset in 

the West (Ault et al., 2011; Dannenberg et al., 2018).  

Tree-ring scars have not been used to reconstruct relationships between wildfire and modes in 

the southeastern and central US, but shorter timescale federal or state wildfire records have 

been used. In the southeastern US, state fire records indicate an association between La Niña 

years and a reduction in precipitation and an increase in burnt area in the early months of the 

year (Dixon et al., 2008; Goodrick and Hanley, 2009; Simard et al., 1985). Remote sensing data 

support this finding (Cardil et al., 2021). The PNA- and PDO+ have also been linked with a 

limited increase in wildfire in the southeastern US (Dixon et al., 2008; Goodrick and Hanley, 

2009), whilst the North Atlantic Oscillation (NAO); Arctic Oscillation (AO) and East Atlantic 

(EA) climate modes are linked to higher evaporative demand in the Southeast – which can 

increase the likelihood of wildfire (Martens et al., 2018; Cardil et al., 2023). La Niña has also 

been linked to severe wildfire danger in the southern Great Plains (Lindley et al., 2014; NIFC 

2024a) due to vegetation becoming drier in response to droughts (Puxley et al., 2024) associated 

with La Niña events (Schubert et al., 2004). However, there are no long studies based on long 

records that firmly establish a link between wildfire and ENSO or any other climate mode in 

the region.  

Site-based tree-ring records can be used to identify robust, long-term relationships between 

climate modes and wildfire, but are limited in their geographical coverage. Remotely sensed 
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burned area or state fire records provide more continuous geographical coverage but the small 

sample size, given the highly stochastic nature of wildfire events, both reduces the probability 

of obtaining statistically significant relationships between wildfire and climate modes, and 

introduces a higher risk of spurious correlations due to random variability, especially for longer 

period modes.  

The lack of statistically significant relationships between wildfire and climate modes during the 

past three decades either in observed (Short et al., 2022; Supplementary Figures 2.2, 2.4) or 

reanalysis-driven modelled wildfires (Supplementary Figures 2.1, 2.2) reflects the small sample 

size. Large ensemble (LE) methods, widely used to study other climate impacts (Coburn et al., 

2024; Swain et al., 2020; Lopez et al., 2018), overcome the sample-size issue and provide an 

alternative way of quantifying the relationships between wildfire and climate modes. Thus, 

using an LE together with a probabilistic model of wildfire occurrence facilitates an assessment 

of the geographical variation in the relationship between climate modes and wildfire, the 

strength of these relationships, and how they may be affected by climate change. Here, we 

investigate the effect of climate modes on US wildfire based on a 1600-year ensemble of 

modelled annual wildfire occurrence in the contiguous US for two decade-long time slices: the 

recent (2000-2009) climate and a future climate subject to an additional +2°C global warming. 

We first identify the most influential modes based on their areal impact under recent climate 

conditions, and show that their effect is physically plausible. Next, we examine how the 

magnitude of their effect varies geographically and how they influence fire season length and 

timing. We also test multivariate effects with ENSO. Finally, we examine how future climate 

change reduces or increases the area affected and the magnitude of that impact.  

4.2 Data and Methods 

4.2.1 The Wildfire Occurrence Model 

We used a wildfire occurrence model (full description – Keeping et al., 2024) trained on wildfire 

occurrence data (Short et al., 2022) to model the daily probability of a wildfire greater than 0.1 

hectares in extent at 0.1° spatial resolution. This model uses a generalised linear modelling 

framework but employs a flexible variable selection algorithm to find the optimal set of 

predictors from a suite of candidate variables related to climate, vegetation, and human factors 

influencing wildfire, and then optimises the domain of influence of each of the selected 

variables. In the original derivation of the model 47 candidate predictors were used, but here 
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we retrained the model starting from 31 candidate predictors for which temporally-varying data 

were available (per Keeping et al., 2025). 

The final selected predictors were cropland fraction, needleleaf fraction, shrub fraction, gross 

primary production (GPP) in the previous 50 days and the previous year, rural population 

density, diurnal temperature range, precipitation on that day and in the previous five days, mean 

daytime windspeed, snow cover fraction, mean daytime vapour pressure deficit (VPD). 

Lightning ignitions were not included in the model; including convective atmospheric potential 

energy as a predictor of lightning was assessed but not selected. Meteorological and vegetation 

properties influence both fuel availability and fuel drying. The inclusion of two GPP terms takes 

account of both recent and longer-term fuel accumulation. The inclusion of cropland fraction 

and population density implicitly account for human impacts on wildfire occurrence through 

ignitions and fragmentation. Although fuel removal or the legacies of fire suppression on fuel 

accumulation are not take into account explicitly, these are implicit in so far as they are reflected 

in the fire occurrence data on which the model was trained. The domain over which each 

variable influences wildfire likelihood was optimised separately. The outputs are then power-

law rescaled to minimise the tendency for generalised linear models to underestimate wildfire 

extremes (Forrest et al., 2024). The model is applied in the recent climate (overlapping with the 

training period) and in a future climate subject to +2°C global warming. At coarser spatial and 

temporal resolutions, this could create bias due to out of sample future conditions. However, 

because the model is trained on daily data across all environments in the contiguous US, almost 

all days and locations in the +2°C time-slice will have and analogue, or near analogue, in the 

training data.  

The model was tested against wildfire occurrence data (Short et al., 2022) and, when run using 

reanalysis data (1992-2020), showed good discrimination in its predictions of wildfire events. 

The reduced variable model performed within the range of the Pareto superior subset of original 

model training runs (Keeping et al., 2024) across all benchmarks. The area under the receiver 

operating curve (AUC) score is 0.89, substantially greater than the 0.8 value considered to 

indicate a good model (McCune et al., 2002). It also reproduced the geographic patterns in 

wildfire occurrence (Supplementary Figure 3.1; normalised mean error, NME = 0.46), as well 

as the seasonal concentration (NME = 0.78) and timing of the wildfire season (mean phase 

difference = 0.13) and the interannual variability (NME = 0.67) in the number of wildfires. 
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4.2.2 KNMI-LENTIS Derived Inputs and Bias Correction 

KNMI-LENTIS (Muntjewerf et al., 2023) is a time-slice single-model initial-condition large 

ensemble of the EC-Earth3 climate model (Döscher et al., 2022). The pre-industrial spin-up 

was sampled at 25-year intervals to obtain starting points for 16 transient simulations that were 

run from the pre-industrial (1850 CE) to the end of the 21st century with historical and SSP2-

4.5 forcings. Ensemble members were then derived for 2000-2009 (referred to here as recent) 

and 2075-2084 (referred to here as future and corresponding to approximately +2°C additional 

global warming compared to the recent climate), by subjecting each of the 16 transient runs to 

nine micro-perturbations in global temperature (<5·10-5 K) at the start of each decade. Together 

with the original transient run, this yielded 10 decade-long simulations, providing 160 ensemble 

members for each time slice. The 25-year sampling of the macro-perturbations ensures a good 

sampling of decadal to multidecadal climate oscillations such as the AMO in each ensemble 

time-slice. Shorter period oscillations such as ENSO are understood to diverge based on initial 

conditions within a year (Neelin, 2010). EC-Earth3 represents historical trends in precipitation, 

land-surface temperature and blocking-frequency over the contiguous US well (Döscher et al., 

2022). The version used in KNMI-LENTIS was further tuned to improve model performance 

in the northern hemisphere by reducing a cold bias (Muntjewerf et al., 2023). 

The climate predictors from KNMI-LENTIS needed for the wildfire occurrence model were 

bias- corrected using ERA5-Land reanalysis data (Muñoz-Sabater et al., 2021) and downscaled 

to 0.1° following the methodology used in Keeping et al. (2025) (Supplementary Section 4). 

GPP was predicted using a light-use efficiency model (the P model – Wang et al., 2017; Stocker 

et al., 2020) that simulates photosynthesis, accounting for temporal acclimation of 

carboxylation and stomatal conductance to environmental conditions. The temperature, VPD, 

air pressure, incident photosynthetic flux density, and CO2 concentration inputs to the P model 

were taken from the bias-corrected and downscaled KNMI-LENTIS ensemble. The fraction of 

absorbed photosynthetically active radiation (fAPAR) was derived using Beer’s law from 

simulations of the seasonal cycle of leaf area index (LAI), based on the reciprocity between 

LAI and GPP (Zhou et al., 2024). Annual antecedent GPP is used in the wildfire occurrence 

model; to calculate this for the first year, the first year of each decade in the climate ensemble 

was repeated (following Van der Wiel et al., 2019). 
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4.2.3 Climate Mode Calculation 

We initially considered all climate modes thought to influence wildfire danger or evaporative 

demand over the contiguous US with an annual or longer oscillation timescale, based on 

previous literature. Climate modes were derived using monthly sea-level pressure (SLP) and 

sea surface temperature (SST) fields from KNMI-LENTIS. Geopotential height is often used 

to calculate pressure-based climate modes but was not available for KNMI-LENTIS, so SLP 

was used instead. Climate mode indices were calculated separately in the recent and +2°C 

ensembles, in order to represent the effects of variability within the two climates. Modes derived 

using principal components were checked to ensure they showed the correct sign of effect on 

their associated SLP or SST trends. The phenomena associated with each climate mode (as 

defined in Table 1) and their effect on US meteorology are both well-represented compared to 

observations – refer to Supplementary Section 5 for a complete overview. 

Table 1: An overview of the 11 modes considered in this analysis, with the information given on 

the variable used; the method by which each monthly mode is calculated; and the method by 

which the annual value of the mode was found. 

Mode Index Field Monthly Calculation Method Annual Index Calculation 

El Niño 

Southern 

Oscillation 

(ENSO) 

Equatorial 

Southern 

Oscillation 

Index 

(SOI) 

SLP The difference between the monthly 

Indo-Pacific [5°S-5°N, 90°E-140°E] and 

Eastern Pacific [5°S-5°N, 80°W-130°W] 

standardised anomalies. NOAA (2009). 

Monthly values averaged 

annually 

Indian Ocean 

Dipole (IOD) 

Dipole 

Mode 

Index 

(DMI) 

SST The standardised difference between the 

West [10°S-10°N, 50°E-70°E] and East 

[10°S-0°N, 90°E-110°E] Indian Ocean 

anomalies. Saji and Yamagata (2003). 

Monthly values averaged 

annually 

Pacific Decadal 

Oscillation 

(PDO) 

PDO Index SST The leading principal component of the 

SST anomaly over the North Pacific 

[20°N-70°N, 120°E-100°W]. Newman et 

al. (2016). 

The November to March 

(NDJFM) mean of the 

index starting in the 

previous year 

Tropical North 

Atlantic (TNA) 

TNA Index SST The monthly anomaly in the North 

Tropical Atlantic [5°N-25°N, 55°W-

15°W]. Enfield et al. (1999). 

Monthly values averaged 

annually 
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Tropical South 

Atlantic (TSA) 

TSA Index SST The monthly anomaly in the South 

Tropical Atlantic [20°S-0°N, 30°W-

10°E]. Enfield et al. (1999). 

Monthly values averaged 

annually 

North Atlantic 

Oscillation 

(NAO) 

NAO Index SLP The leading principal component of the 

monthly anomaly over the North Atlantic 

[20°N-80°N, 90°W-40°E]. Thornton et 

al. (2023). 

The December to 

February (DJF) mean of 

the index starting in the 

previous year. 

East Atlantic 

(EA) 

EA Index SLP The second principal component of the 

monthly anomaly over the North Atlantic 

[20°N-80°N, 90°W-40°E]. Thornton et 

al. (2023). 

The November to January 

(NDJ) mean of the index 

starting in the previous 

year. 

Arctic 

Oscillation 

(AO) 

AO Index SLP The leading principal component of the 

monthly anomaly north of 20°N. NOAA 

(2025). 

The DJF mean of the 

index starting in the 

previous year 

Pacific/North 

American 

(PNA) 

PNA Index SLP The leading principal component of the 

DJF-mean of monthly anomalies over 

the North Pacific and North America 

[20°–90°N, 120°E−120°W]. Mori et al. 

(2024). 

The calculation of the DJF 

mean, starting in the 

previous year, was taken 

before the leading 

principal component was 

calculated. 

Atlantic 

Multidecadal 

Oscillation 

(AMO) 

AMO 

Index 

SST The difference between the annual SST 

anomalies of the Atlantic [0°N-60°N, 

75°W-7.5°W] and the rest of the global 

ocean. Enfield et al. (2001). 

N/A 

Southern 

Annular Mode 

(SAM) 

SAM Index SLP The leading principal component of 

anomalised SLP south of 20°S. NOAA 

(2025). 

The June to August (JJA) 

mean 

4.2.4 Comparison of Climate Mode Effect on US Weather in LE and 

Reanalysis 

A high-resolution wildfire occurrence record is available in the contiguous US from satellite 

data after 1984 (Eidenshink et al., 2007) or from aggregated state and federal records after 1992 

(Short, 2022). This short reanalysis period is not sufficient to capture the major effects of each 
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climate mode over the contiguous US (Figure 1). The correlation coefficients of climate mode 

indices and US temperature and precipitation show that there is a large spread in the apparent 

correlation when 30-year samples from the ensemble are drawn. In most cases, the sign of the 

observed correlation could be switched and it would still lie within the 95% confidence interval 

of the model ensemble. The one clear exception is ENSO (note that our ENSO index is the SO 

index, so the sign is opposite to an SST-based index), where the sign is clear although the 

magnitude is highly uncertain. This short time period is therefore insufficient to robustly 

characterise the effect of each mode – justifying the use of modelled wildfires driven by the LE. 

EC-Earth3 performs well in its representation of ENSO, the NAO and the PNA (Döscher et al., 

2022) which are all key controls on North American weather patterns. Comparison of annual 

US weather and climate mode values between the reanalysis and ensemble (Supplementary 

Figure 6.2) shows no apparent discrepancies, and strong associations between modes (the TNA, 

IOD and ENSO) are equally present in the reanalysis and ensemble data (Supplementary Figure 

6.1). 
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Figure 1: Boxplots of each quartile of the distribution of correlation coefficients between 

climate mode indices and temperature (upper panel) and precipitation (lower panel) over 

samples of the recent climate ensemble, and the values from the reanalysis over 1990-2019 

(pink dots). To construct the distribution behind the box plots, random samples of 30 years were 

taken from the ensemble. The outer limits of the boxplots represent the 2.5th and 97.5th 

percentiles, and the three internal lines correspond to the 25th, 50th and 75th percentiles of the 

bootstrapped distribution. 

4.2.5 Relating Climate Modes to Annual Wildfires 

The daily ensemble of modelled wildfire occurrence probabilities was averaged annually for 

comparison with the yearly phase of each climate mode – though seasonal responses were also 

checked, see Supplementary Section 7. The positive and negative phase of each climate mode 

was defined as occurring when its annual-mean index value was a half-standard deviation 

greater or lesser than zero, respectively; and was otherwise considered to be neutral. Simulated 

annual wildfire occurrence, aggregated to 0.5°, was regressed against the numerical value of 

each climate mode index. The relationship found by this regression was only considered in the 

analysis if it passed a false discovery rate corrected significance level of 0.01, per Wilks (2016). 

The sign of the climate mode’s effect was determined from the regression slope coefficient. The 

lagged effect of each index on wildfire was also tested by using the index value from the 

previous year. When mapping geographic patterns in the magnitude of each mode’s association 

with wildfires, the ratio between the number of modelled wildfires in each phase of the mode 

relative to the mean number at that grid-cell was plotted. 

4.2.6 Definition of Fire Season Peak and Length 

To determine the effect of climate modes on the peak timing of the fire season, the seasonality 

was characterised according to Kelley et al. (2013). The wildfire season’s mean phase was 

determined for each grid-cell from the sum of monthly vectors oriented in the complex plane 

with angles corresponding to the time of year and magnitude proportional to the number of 

wildfires. The seasonal concentration was defined as the length of that resultant vector, varying 

between 0 (wildfires equally spread between months) and 1 (all wildfires in one month). The 

effect on the timing of the seasonal peak was calculated according to the difference between 

the mean phase over all years and over years in the positive or negative phase of each index. 

Locations with a seasonal concentration of less than 0.15 were not considered to have a distinct 
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peak, so were excluded. The effect of climate modes on the length of the fire season was also 

determined relative to the average annual peak in the fire season, or the ensemble mean of the 

maximum wildfire month at each location. The mean number of months for which the number 

of wildfires exceeded half of that average annual peak was defined as the length of the fire 

season (per Jolly et al., 2015; Abatzoglou et al., 2019). 

4.3 Results  

4.3.1 Survey of the Modes 

The climate modes that show the greatest area of significant (p-value of < 0.01 after controlling 

for multiple testing) association with wildfire (Figure 2, Table 2) are ENSO, the IOD and 

annually lagged TNA (TNA+1). The La Niña phase of ENSO has a positive influence on 

wildfire probability over 91% of the contiguous US. The negative IOD and positive TNA+1 

have similarly large areas of significant influence, affecting 90% and 85% respectively. Both 

of these modes are correlated with (correlation coefficients of -0.61 and -0.32 in the recent 

ensemble) and causally related to ENSO (Ham et al., 2017; Jiang and Li, 2019). The robustness 

of the influence of these three modes on US wildfire (Supplementary Section 7), taking a stricter 

significance threshold of 5.7 x 10-7 (the 5-sigma p-value for a Gaussian distribution), shows 

that the areal influence of ENSO, IOD and TNA+1 is persistent over most of the US. 

Other climate modes exert a significant influence on wildfire but over more limited regions. 

Eleven modes have a significant influence over an area >20% of the contiguous US: ENSO, 

IOD, TNA+1, PDO+1, ENSO+1, TNA, AMO+1, TSA, PDO, NAO, and NAO+1. At the stricter 

significance threshold (Supplementary Section 7), the only modes showing persistent areas of 

influence on wildfires other than the TNA, IOD and ENSO are the PDO, AMO and NAO. The 

PDO also has the next most significant control on the distribution of the annual number of 

wildfires. Of the top eleven modes in areal significance, the TNA, PDO, NAO and ENSO 

influence wildfire both in the same year and with a one-year lag. For geographical analysis 

(Figures 4 and 9) we consider the top eight modes by areal influence in the recent time-slice of 

the LE, eliminating the less influential of each of the unlagged or lagged modes. The top eight 

modes were ENSO, IOD, TNA+1, PDO+1, AMO+1, TSA, NAO, and PNA. The area 

influenced by these modes is greatest in the summer, June-August, except for the TSA which 

has the greatest influence in the spring, March-May (Supplementary Section 7). The AO only 
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influences a small area (8%) and the SAM+1 only influences 5% of the contiguous US. The EA 

does not have a significant areal impact. 

 

Figure 2: The area of the contiguous US significantly affected by each climate mode. 

Significance was determined using an FDR corrected significance threshold after Wilks (2016) 

to a control level of 0.01. The sign of the relationship between the index and the annual number 

of wildfires is given by the slope of the regression. 
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Table 2: Percentage of contiguous US area significantly affected by each mode in the recent 

climate (2000-2009). Two asterisks indicate an area over 50%, one asterisk an area over 

20%. 

Mode Area of Effect (Same Year) [%] Area of Effect (Prior Year) [%] 

N/A Positive Negative N/A Positive Negative 

ENSO 9.0 **90.7 0.4 55.3 2.0 *42.7 

IOD 10.1 0.2 **89.8 83.7 3.5 12.8 

PDO 64.5 *34.3 1.2 30.4 **69.6 0.0 

TNA 55.5 0.6 *43.8 14.3 **85.3 0.4 

TSA 53.8 *46.0 0.3 74.6 *25.4 0.1 

NAO 67.2 *32.8 0.0 70.8 0.1 *29.1 

PNA 77.8 0.0 *22.2 90.7 9.3 0.0 

AO 92.1 7.9 0.0 94.5 0.0 5.5 

AMO 100.0 0.0 0.0 54.7 *45.2 0.1 

SAM 100.0 0.0 0.0 95.5 4.5 0.0 

EA 100.0 0.0 0.0 100.0 0.0 0.0 

4.3.2 Effect of Key Modes 

Given the plausibility of the effect of climate modes on US weather in EC-Earth3 (Figure 1, 

Supplementary Section 5) and the considerable extent of the effect of those modes on US 

wildfire (Figure 2, Table 2), there is a pertinent question as to the additional utility of the LE 

approach compared to reanalysis or observed data. There is no location in the US where a 

climate mode has a significant relationship with observed annual fire occurrences 

(Supplementary Figure 2.3). Reanalysis-driven modelled fire occurrences also show almost 

no area of effect (Supplementary Figure 2.1). Of the modes with the largest areas of 

statistically significant effect, very few climate mode phases result in an effect in the 

reanalysis significantly outside the distribution of random noise (Figure 3). Only three mode 

phases are associated with annual wildfire numbers outside of the 95% confidence interval 

of the bootstrapped distribution from all years. In: La Niña years (positive ENSO phase), El 

Niño years (negative ENSO phase), and when the prior year had a positive TNA phase. The 

extent to which these phases exceed the confidence interval is very low in comparison to the 
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highly significant margin provided by the LE (Supplementary Figure 2.5), due to the 

different sample sizes. 

 

Figure 3: The distribution of the modelled annual number of wildfires for the reanalysis (1990-

2019) under different mode phases compared to the distribution of all years, per Shen et al. 

(2025). The dots show the actual mean value of modelled annual fires. The boxplots show the 

distribution of the mean number of annual fires, drawn from the distribution of years but with 

the same sample size as the number of years in that phase in the reanalysis period – repeated 

10,000 times. The outer limits of the boxplots represent the 2.5th and 97.5th percentiles, and 

the three internal lines correspond to the 25th, 50th and 75th percentiles of the bootstrapped 

distribution. 

ENSO has a positive effect on total annual US wildfires in the La Niña phase (Figure 4), with 

the three areas of greatest relative increase in wildfire occurrence rates being Mediterranean 

California, the central Great Plains, and southern Florida. The only areas where ENSO has no 

significant influence on annual wildfire occurrence are in the northwestern and northeastern 

US. The negative IOD and positive TNA+1 show a very similar association with wildfire to La 

Niña. The NAO and PNA havepositive and negative impacts on annual wildfires in the 

southwestern and inland northwestern US respectively. The PDO+1 has a positive influence 

across the US. The AMO+1 affects a large area in the West and has a localised influence in 
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southern Florida. ENSO+1 has a strong influence of wildfire occurrence along the southern US 

border (Supplementary Section 7) – through a control on GPP due to its association with 

precipitation in this region (see Figure 6). The TNA also shows a substantial effect associated 

with an increased number of wildfires in the West (including in the northwestern US) and in 

Florida. 

 

Figure 4: Maps of the effect of each climate mode on annual wildfires relative to the mean. The 

sign and magnitude of the relationship is given by the ratio between the annual number of 

wildfires in the positive (upper panels) or negative (lower panels) phase – defined as beyond 

plus or minus half a standard deviation from the mean respectively. The effect of each mode is 

shown relative to the mean annual number of wildfires – to account for any non-linearity in the 

effect between phases that would not be captured by linear regression. The relationship is only 

shown for locations where there is a significant relationship, as identified by linear regression 

between the index and annual number of wildfires at that location. 

La Niña, the negative IOD and positive TNA+1 all show a very similar association with 

wildfire. The positive phase of the TNA+1 and negative phase of the IOD are associated with 

increased wildfire occurrences when considered alone (Figure 4). In these phases, the total 

number of wildfires in the contiguous US is found to increase by 14% and 12% respectively 

(Table 3). However, both modes are correlated to ENSO (Supplementary Section 6), and the 

effect of both modes decreases substantially after controlling for the phase of ENSO, from 14% 

to 5-8% for the positive phase of the TNA+1 and from 12% to 2-3% for the negative phase of 

the IOD. The biggest impact of both the negative phase of the TNA+1 and positive phase of the 
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IOD is on wildfire in La Niña years, where the mean number of wildfires is decreased by 12% 

and 9% respectively.  

A multilinear regression (MLR) of annual wildfires (Figure 5) against index values of ENSO, 

the IOD and TNA+1 finds that ENSO is the strongest pathway controlling interannual 

variability for wildfires in the contiguous US. The MLR slope coefficient for ENSO has the 

same pattern as the association between ENSO and wildfires when not controlling for the IOD 

or TNA+1. The TNA+1 also has substantial influence, having an additional effect on wildfires 

in Mediterranean California, the southwestern US, the southern Great Plains, and southern 

Florida. It follows a similar pattern of effect to the single-mode association of the TNA+1 and 

wildfires, though the magnitude of effect is smaller compared to ENSO. The IOD has a much 

weaker influence on wildfires, limited to low magnitude effects in the southwestern US. 

Table 3: The effect of the TNA+1 and IOD climate modes on the number of wildfires in the 

contiguous US in each phase of ENSO and for all years, in the recent climate time-slice of the 

ensemble. The sample size each percentage is based on is given in brackets. 

 

# Fires (3 s.f.) 

TNA+1 Phase IOD Phase 

Positive Negative Positive Negative 

ENSO 

Phase 

La Niña 44,600 +7.7% (207) -11.9% (71) -8.8% (23) +3.2% (294) 

Neutral 37,700 +4.9% (145) -6.1% (169) -1.4% (180) +2.2% (141) 

El Niño 32,800 +6.1% (69) -5.2% (210) -0.9% (273) +3.4% (72) 

All Years 37,800 +13.6% (421) -10.1% (450) -8.4% (476) +11.7% (507) 
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Figure 5: Multilinear regression of the annual number of wildfires relative to the mean at each 

grid cell against standardised values of the ENSO (SOI), IOD (DMI), and TNA+1 indices. The 

slope coefficients were separately calculated for each grid-cell, and are displayed for the recent 

and +2°C ensemble climates. 

The association between ENSO and wildfire occurrences reflects the influence of ENSO on 

VPD and precipitation, where precipitation is also strongly linked to annual patterns in 

vegetation growth and fuel accumulation (Figure 6). The region associated with a strong 

wildfire occurrence response to ENSO in the Great Plains has a stronger VPD anomaly while 

in the southwestern US, the impact of ENSO on wildfire is associated with a stronger 

precipitation anomaly. Other modes also influence wildfires through their impacts on VPD, 

precipitation and GPP (Supplementary Figure 8.1). 

 

Figure 6: the relative influence of ENSO on VPD, precipitation and GPP in the recent climate 

for the large ensemble. 
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The response of the statistical distribution of annual wildfire occurrence to a climate mode 

varies geographically (Figure 7). The effect of ENSO on wildfires in the Great Basin, for 

example, produces a shift in the distribution but has limited impact on the spread. In contrast, 

the effect of ENSO in Southern California is to extend the spread of the distribution giving rise 

to an increase in the likelihood of extreme fire-years relative to the mean. There are also distinct 

geographic effects on wildfire distribution under ENSO, TNA+1, PNA, PDO+1 and IOD 

(Supplementary Section 9). 

 

Figure 7: The frequency distribution of the modelled annual number of wildfires per km2 across 

the 1600 recent climate ensemble years in the Great Basin and Southern California NIFC 

Geographic Area Coordination Centres (GACC) defined regions (Supplementary Figure 3.2). 

The distributions are plotted separately for the positive (La Niña) and negative (El Niño) phase 

of ENSO, with the neutral phase shown as a dashed line for comparison. 

Climate modes do not have a uniform effect on meteorology, or consequent wildfire danger, 

throughout the year (Supplementary Section 7). ENSO has a strong impact on the length of the 

wildfire season (Figure 8), with increased season length in La Niña years in Mediterranean 

California, the Arizonan Mountains, the Great Plains and southern Florida. This contributes to 

the high annual numbers of wildfires in those regions (Figure 4). The effect of ENSO on the 

peak of the fire season is less uniform and shows an east/west divide: El Niño (La Niña) results 

in an earlier (later) peak to the fire season in areas to the east of the southern Great Plains, but 

El Niño (La Niña) results in a later (earlier) peak in the southwestern US. The effect of El Niño 

on the timing of the seasonal peak is stronger than that of La Niña, with La Niña increasing the 

frequency of wildfire occurrence in both regions and bringing the early-spring (east) and late-

summer (west) fire season peaks closer together. The IOD and TNA+1 have a very similar effect 
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on fire seasonality to ENSO, whilst the remaining modes have limited effects on the fire 

seasonality (Supplementary Section 10), though the PDO+, PNA- and NAO+ phases are 

associated with a half-month earlier peak to the Californian fire season. 

 

Figure 8: Top row: (left) the average seasonal phase across all locations with a seasonal 

concentration >0.15; (central) the average seasonal phase for all years subtracted from the 

average of years in the positive (La Niña) phase; (right) the average seasonal phase for all 

years subtracted from the average of years in the negative (El Niño) phase. Bottom row: (left) 

the length of the fire season in months (calculated as the number of months over the mean 

annual half-maximum); (central) the average season length for all years subtracted from the 

average of years in the positive (La Niña) phase; (right) the average season length for all years 

subtracted from the average of years in the negative (El Niño) phase. 

4.3.3 Changes in the Effect of Global Climate Modes in a Warmer Climate 

An additional +2°C increase in global mean temperature in KNMI-LENTIS results in changes 

to the areal extent of the significant influence of many of the climate modes on wildfire 

occurrences (Figure 9). There were only a few cases when the influence of a mode on wildfire 

changed from positive to negative, but cases where the impact of a mode changed from 

insignificant to significant were widespread. The AMO+1 and PNA show the greatest expansion 

in the area of significant effect, increasing from 38 to 68% and 16 to 56% respectively 

(Supplementary Section 11). Some other modes show a persistent influence in the areas they 

affect under recent conditions with only a slight expansion: ENSO (89 to 92%), the IOD (87 to 

92%), and the TNA+1 (82 to 87%). There is also a significant expansion in the area of 
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significant influence on wildfire for the ENSO+1, TNA, NAO+1, AMO and AO indices. 

However, the TSA has no area of significant influence in the future climate, and the area of 

influence of the NAO shifts from the western to the central US (Supplementary Section 11).  

There is a minor but statistically significant shift in the skewness of the ENSO distribution in 

response to warming (Supplementary Figure 5.15). However, comparing the effect on annual 

fires of the unaltered ENSO in the future climate, and of the future distribution mapped to 

percentiles in the recent climate revealed no substantial change in the effect of ENSO on 

wildfire occurrences due to this shift. This suggests that ENSO’s projected effect on fire is 

mainly due to an increase in the intensity of ENSO’s effect on rainfall (Figures 6 and 11) over 

North America, in line with consensus expectations (IPCC, 2021). 

 

Figure 9. Difference in the significant areal influence of each climate mode in the same year 

and with a one-year lag between the recent ensemble (R) and the +2°C ensemble (+2). The 

areas are given in Supplementary Section 11. If the colour is the same in both R and +2, then 

the effect of the mode in that area stays the same; if the colour changes, this indicates that the 

effect of the mode in that area changes between the two ensemble climates.  

Despite some climate modes being substantial controls on the internal variability in annual fire 

occurrences, the effect of – for example – La Niña in the present climate is significantly less 

than the effect of a further +2°C global warming (Supplementary Figure 11.10). However, in 

the future climate the effect of La Niña relative to the higher rate of fire activity is nonetheless 

projected to increase. The change in strength of the relationship between modes and the annual 

number of wildfires varies geographically (Figure 10). The AMO+1 and TNA+1 show the most 

substantial increase in the effect of their positive phase on the annual number of wildfires; both 
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strengthen most over the Great Plains and in the West. The positive TNA+1 and La Niña both 

show a weakening in their influence on annual wildfire occurrences along the southern border 

with Mexico, most substantially in Texas. In contrast, the negative phase of the IOD has a 

strengthened effect on wildfire occurrences along the southern border, strongest in Arizona and 

New Mexico.  

The PDO+1 strengthens in its association with wildfire occurrences across its area of significant 

influence, with the strengthening most over the Great Plains and in California. The influence 

on the annual number of wildfires relative to the mean, and the area of influence of the AO and 

PNA (Supplementary Section 11) significantly increase, with the greatest relative increase over 

the Great Plains. The AMO+1, TNA+1, PNA, PDO+1, IOD, ENSO and AO modes all 

strengthen in their influence over the majority of the region they affected in the recent climate. 

As the effect of the modes in the +2°C time-slice is calculated relative to a higher mean rate of 

wildfire in the +2°C climate, this means the control of these global climate modes on wildfire 

increases even relative to the higher future interannual variability of wildfire. 

  

144



 

 

 

Figure 10: The strengthening or weakening of the effect of each climate mode in both phases 

between the recent climate and +2°C climate time-slices. Each panel shows the ratio between 

recent climate and the +2°C climate for the number of annual wildfires in that phase of the 

global climate mode relative to the mean at that location. Only regions where the effect of the 

mode is significant at α < 0.01 according to linear regression in both time-slices are shown.  

Climate change drives a strong intensification of the relative effect of ENSO on VPD over the 

Great Plains (Figure 11) – corresponding to where the greatest intensification of ENSO is also 

modelled (Figure 10). The effect of ENSO on southwestern US precipitation is also projected 

to intensify with climate change, however the association with wildfire decreases in the same 

region. This could be explained by the diminishing effect of annual-timescale variability 

dryness on wildfire danger in an increasingly arid and fuel-limited environment (Abatzoglou 

and Williams, 2016). 

 

Figure 11: the relative influence of ENSO on VPD, precipitation and GPP in the +2°C climate 

for the large ensemble. 
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4.4 Discussion  

Our analyses have shown that ENSO, IOD and TNA+1 are the global climate modes most 

associated with interannual variability in wildfire occurrence in the contiguous US. ENSO has 

a significant influence over 91% of the country, consistent with its use in predicting wildfire 

severity across the US (NIFC, 2024a,b). La Niña strongly increases annual wildfire probability 

over California, the interior southwestern US, the Great Plains, and southern Florida. La Niña 

years have been associated with increased wildfire activity in the southwestern US due to 

reduced precipitation (Margolis and Swetnam, 2013; Mason et al., 2017; Westerling and 

Swetnam, 2003), as well as in the southeastern states of Mississippi (Dixon et al., 2008) and 

Florida (Goodrick and Hanley, 2009). La Niña has also been associated with severe wildfires 

in the southern Great Plains (Lindley et al., 2014). However, we only identify a moderate effect 

of La Niña on wildfire occurrence for most of the southeastern US, with a highly localised effect 

over southern Florida. This could be explained by the strength of the effect of ENSO on 

precipitation (and consequent higher GPP) in the southwestern US and Florida, compared to a 

lesser effect over the wider southeastern US. We also identify a well-defined hotspot for the 

effect of La Niña on wildfire in the Great Plains, where ENSO has been linked qualitatively to 

wildfires (Lindley et al., 2014). VPD shows a strong response to ENSO over the Great Plains, 

with the increased hot, dry conditions in La Niña years therefore a likely primary contributor 

to the enhanced wildfire likelihood. The effect of La Niña relative to the mean wildfire rate 

intensifies with climate change over the Great Plains and California. 

The negative IOD and positive TNA+1 show a very similar pattern of effect to La Niña when 

considered independently, with the TNA+1 having a greater effect. The TNA+1 and IOD are 

causally linked (Wang et al., 2021; Ham et al., 2013; Hameed et al., 2018; Jiang and Li, 2019) 

and correlated with ENSO; and the similarity of their influence on wildfire raises questions 

about the extent to which they are simply proxies for the phase of ENSO. Our MLR analyses 

show that while ENSO has the greatest influence on wildfire variability, TNA+1 also has an 

independent though smaller effect while the IOD has only a limited impact in the region near 

the US-Mexico border. The correlation of the TNA+1 and the IOD with ENSO preclude a 

definite attribution of the causal influence of each mode on wildfire occurrence. However, our 

analyses suggest that the strongest apparent pathway of influence is via ENSO and TNA+1. 

Although the TNA and IOD have been closely associated with burnt area at a global scale 

(Cardil et al., 2023), their impact of wildfires in the US has been largely ignored.  
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ENSO creates a moisture dipole between the northwestern and southwestern US through 

influencing the latitude of the jet stream (Dettinger et al., 1998; Westerling and Swetnam, 2003). 

It has therefore been suggested that ENSO increases wildfire activity in the northwestern US in 

El Niño years (Barbero et al., 2015; Johnston et al., 2017). However, there is almost no 

statistically significant influence in this region in our simulation of 1600 years of annual 

wildfire occurrences in the recent and +2°C climates, with the positive effect of El Niño on 

northwestern US wildfire only statistically significant over a small region. There is a possibility 

that this is due to an unknown bias in EC-Earth3’s representation of ENSO over the region, 

however assessment of the mode’s behaviour and effect over the US does not reveal any obvious 

issues (Supplementary Section 5, Döscher et al., 2022) – with the moisture dipole represented 

in the model. Alternatively, this could be explained by most analysis in this region having 

focussed on fire frequency or burnt area. El Niño has a greater effect on fire size (Heyerdahl et 

al., 2002; Barbero et al., 2015), a distinct property from occurrence likelihood, which could be 

sufficient to explain the greater rates of fire frequency for El Niño years in the tree ring record.  

Links between wildfire occurrence and the PDO+ (Ascoli et al., 2020; Heyerdahl et al., 2002, 

Norman and Taylor, 2003; Schoennagel et al., 2005) and AMO+ (Ascoli et al., 2020; and 

Kitzberger et al., 2007) in the northwestern US are also not significant in our analyses.   

The AMO+1 is an important control on wildfire likelihood over 38% of the contiguous US 

under recent conditions, particularly in the West and southern Florida. The impact of the AMO 

on wildfires in the +2°C time-slice increases considerably in the central US and along the East 

Coast, with a >25% increase in annual wildfire occurrences in the Great Plains and southern 

Florida.; the strengthened effect of AMO+1 on US wildfire occurrence indicates that the 

positive relationship between this mode and wildfire also applies to higher amplitudes of the 

oscillation. The AMO+1 and TNA+1 show the greatest strengthening in their effect with future 

warming, indicating that high Atlantic SSTs in the previous year are strongly associated with 

interannual wildfire variability under climate warming. The AMO+ has been linked to wildfire 

activity in the same year (Ascoli et al., 2020; and Kitzberger et al., 2007), but our analysis 

shows no significant effect in the recent climate and only a minor area of influence with 

warming. This might seem contradictory to its multidecadal effect, but when no low-pass 

filtering is applied to the AMO, annual oscillations between neutral and high positive or 

negative values occur in its multidecadal positive or negative phases respectively (Sutton and 

Hodson, 2007). Atlantic SSTs in the prior year have a greater effect on US wildfire than in the 

same year. 
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The Great Plains is the region where wildfires show the most sensitivity to variation in climate 

modes. There is a > 25% increase in annual wildfire occurrences under recent conditions with 

La Niña, the positive TNA+1 and the negative IOD. Wildfire is also increased to a similar extent 

by the positive AMO+1 in the +2°C time-slice. The PDO+1, PNA and AO, all anticipated to 

change with warming (Litzow et al., 2020; Ning and Bradley, 2016; Zhang et al., 2016; Choi et 

al., 2010), also have a significant impact on wildfire probability in this region. The sensitivity 

of the Great Plains to climate variability is in part due to meteorological effects on fire weather 

but also reflects the importance of vegetation type. Grassland and savanna vegetation have a 

strong response to climate variability: higher-than-normal antecedent precipitation increases 

fuel production and short-term droughts cause rapid drying of grassy vegetation (Littell et al., 

2009; Archibald et al., 2009). The overall abundance of the vegetation may also contribute to 

this sensitivity. In the interior western US, for example, temperate sierras and forested 

mountains have a higher sensitivity to climate variability than the surrounding desert. 

The climate mode indices were derived according to standard methods. The modes of variability 

in climate models might differ from those in the observational record. However, all the modes 

considered here are represented in the recent and +2°C ensembles, and show reasonable 

geographic patterns in terms of the associated SST or SLP anomalies and the expected 

precipitation anomalies over the contiguous US. The ensemble climate modes can therefore be 

considered phenomenologically similar to observations, and thus to have the same causal 

effects on wildfire likelihood. The periodicity of multi-year oscillations cannot be assessed from 

the decadal time-slices. However, the transient EC-Earth3 runs from which the time-slices were 

sourced show the expected periodicity for each mode, including the longer periodicities of the 

PDO and AMO. The PDO has much higher interannual variability than the AMO, resulting in 

a tendency for sub-decadal oscillations within a time slice. Whilst a low-pass filtering of the 

PDO (and AMO) time-series might provide a better representation of decadal to multidecadal 

effects, both the SST and the meteorological patterns associated with these modes was correct.  

Climate modes are often correlated and can modulate the effect of other climate modes. This 

means that the association between a single climate mode and wildfire can also embed 

information on other climate modes that may be more directly causally linked to wildfire 

activity, as shown by the analysis of the TNA, IOD and ENSO. The impact of a particular mode 

on wildfires can be established through consideration of the mean effect in different phases, as 

shown for ENSO in the southwestern US. However, there may be mechanisms that disrupt the 

expected patterns of climate variability associated with a particular mode. One example of this 
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is the impact of years with exceptional atmospheric river activity over the southwestern US 

which led to a reversal of the expected precipitation patterns associated with La Niña and El 

Niño (Luna-Niño et al., 2025). 

We used commonly used metrics (Jolly et al., 2015; Abatzoglou et al., 2019) to characterise the 

peak timing and length of the fire season. These were defined as the month with the most fires 

and any months with over half the annual maximum month respectively. However, it is difficult 

to characterise the seasonal peak in this way when there is a similar likelihood of wildfires 

across most of the year and this approach also does not resolve the effect of climate modes on 

bimodal fire seasons, such as in the Appalachian Mountains (Lafon et al., 2005). Defining the 

length of the fire season relative to the average value of the highest fire month at a given location 

is appropriate for local comparisons but makes it difficult to compare changes across regions 

with very different baseline fire regimes. The similar increase in the lengthening of the fire 

season in the Great Plains and Mediterranean California, for example, will have different 

consequences given that the occurrence of wildfires is lower in the Great Plains. 

We used a wildfire probability model to link climate modes to annual wildfire occurrences. The 

model represents the probability of wildfire events over a 0.1-hectare threshold, but does not 

simulate other wildfire attributes such as size or intensity. Thus, the impact of changes in climate 

modes on wind patterns and storm tracks that can lead to extreme wildfires are not accounted 

for in this study. In addition to the climate drivers of wildfire probability, we included the impact 

of climate-driven changes in GPP on wildfires. However, other factors that influence the 

likelihood of wildfire occurrence such as fuel removal, previous wildfires or lightning ignitions 

are not taken into account. Some studies have identified different responses to climate 

depending on environment – for example a difference in response to seasonal VPD in forested 

and non-forested ecosystems in California (Williams et al., 2019). However, such difference in 

response can be explained by other environmental variables – for example the key limitation of 

fuel production on wildfire in dry, southwestern US ecosystems. Lightning was also not 

accounted for in the final occurrence model, due to the poor predictability of lightning from 

climate variables. Furthermore, while the wildfire probability model also includes predictors 

related to human activity, these were held constant in our analyses. Despite these limitations, 

the wildfire occurrence model used has good predictive capability (Keeping et al., 2024), and 

is responsive to trends and variability in meteorological drivers of wildfires whilst also 

accounting for other human and vegetation related effects.  
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This paper presents strong evidence for the utility of using multiple climate modes to 

supplement long-range fire season forecasts, with high utility from a risk management 

perspective. Recent progress in seasonal fire weather forecasting (Di Giuseppe et al., 2024) 

means that fire weather anomalies can be predicted up to 1 month in advance globally. However, 

predictable modes provide additional information on the likely wildfire season – giving enough 

time for risk management interventions such as fuel removal and prescribed burning. Such 

correlations have already been found using observed data in a number of regional and local 

studies (Chen et al., 2011; Fernandes et al., 2011; Chen et al., 2016; Shen et al., 2019; Cardil et 

al., 2023). This is now supplemented in the US by modelled evidence to a considerably higher 

level of statistical significance. 

4.5 Conclusions 
Large wildfire ensembles allow the identification of high-resolution geographical patterns of 

the impact of climate modes on wildfire. We have identified the areal extent of the influence of 

different modes on wildfire for the contiguous US, their impact on the timing of the fire season, 

and how the relative effect on annual wildfires varies geographically under recent and future 

climates. ENSO, the IOD, and TNA+1 are found to be the principal climate modes associated 

with US wildfire variability under recent conditions, affecting 91%, 90% and 82% of the 

contiguous US. La Niña increases the likelihood of wildfire in the southwestern US, Great 

Plains and Florida. The IOD and TNA+1 have a more limited effect on US wildfire when 

accounting for the simultaneous effect of ENSO. Nonetheless, the TNA+1 remains a strong and 

widespread influence over the contiguous US in the recent and +2°C climates, and the IOD 

emerges as a substantial regional control in the southern US with future warming. Contrary to 

expectations, no significant relationship was found between El Niño and wildfire occurrences 

in the northwestern US. The strong association of ENSO and its related modes on annual 

expected fires can be explained by ENSO’s strong effect on heat (VPD) and precipitation 

(which contributes to GPP variability). ENSO has a very strong effect on precipitation in the 

southwest, with a statistically significant effect on precipitation across the entire southern US. 

ENSO also has a broad effect on VPD in most of the US, strongest in the Great Plains. 
 
An additional +2°C global warming strengthens the effect of some climate modes on wildfire 

occurrence, particularly that of the TNA+1 and AMO+1 on wildfire in the Great Plains and the 

West. The effect comes primarily from changes in the impact of climate modes in a warmer 
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climate, rather than from changes in the modes themselves. The Great Plains is the region where 

wildfire probability is most sensitive to climate change and variability; wildfire in the Great 

Plains is strongly controlled by ENSO, the IOD and TNA+1 in the recent and +2°C time-slices, 

and additionally by AMO+1 in the +2°C time-slice. Over the contiguous US, the number of 

wildfires and the areal extent of influence of the PNA, AO and PDO+1 also increase with 

warming. The area significantly influenced by the PNA increased from 26 to 66% and by the 

AO from 10 to 37%. 
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4.7 Supplementary Material: Influence of climate modes on wildfire 

occurrence in the contiguous United States under current and future 

climates 

The Supplementary Material is divided into eight sections. Section 1 gives an overview of 

previous work linking climate modes and wildfire in the contiguous US. Section 2 evidences 

the insufficiency of reanalysis data to derive climate mode/wildfire relationships. Section 3 

provides maps of the ensemble mean and spread as well as regions referred to in this study. 

Section 4 provides an evaluation of the performance of the bias correction for the KNMI-

LENTIS ensemble. Section 5 provides an assessment of the representation of climate modes in 

the KNMI-LENTIS ensemble. Section 6 provides additional figures showing the areal effect of 

individual climate models in the recent climate ensemble. Section 7 provides the ensemble 

correlations between ENSO, the IOD and TNA+1 indices in the recent and +2°C climate 

ensembles. Section 8 gives maps of the effect of climate modes on key predictors of wildfire 

occurrence. Section 9 provides information of the effects of climate models on the probability 

distribution of annual wildfire numbers in different regions in the recent ensemble climate. 

Section 10 illustrates the effect of climate modes on the wildfire seasonal length and peak 

timing in the recent ensemble climate. Section 11 provides additional material on the areal 

extent and magnitude of the impact of climate modes in the +2°C ensemble.  

The Supplementary contains the following figures and tables: 

Table 1.1 Overview of previous studies of the relationships between wildfire and climate 

modes 

Figure 2.1 The association between reanalysis (1990-2019) annual wildfires and climate 

modes to 0.05 FDR-corrected significance.  

Figure 2.2 The association between reanalysis (1990-2019) annual wildfires and climate 

modes to any level of significance. 

Figure 2.3 The association between observed (FPA FOD) (1992-2019) annual wildfires and 

climate modes to 0.05 FDR-corrected significance. 

Figure 2.4 The association between observed (FPA FOD) (1992-2019) annual wildfires and 

climate modes to any level significance. 
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Figure 2.5 Box plots of randomly selected mean annual wildfires compared to the effect seen 

in the large ensemble. 

Figure 3.1 Maps of mean observed wildfire occurrences (FPA FOD), mean reanalysis 

modelled occurrences, and the mean and spread of annual wildfire occurrences in the 

ensemble recent and future climate. 

Figure 3.2 The regions referred to in this study, both ecoregions and GACC admin regions. 

Table 4.1 Performance statistics of input variables into wildfire occurrence model. R2 

statistics comparing reanalysis data to the bias corrected and downscaled KNMI-LENTIS data 

input into the wildfire occurrence model, for the top four statistical moments. 

Figure 5.1 The SST effect associated with the Atlantic Multidecadal Oscillation (AMO). 

Figure 5.2 The SST effect associated with the Tropical South Atlantic (TSA). 

Figure 5.3 The SST effect associated with the Tropical North Atlantic (TNA). 

Figure 5.4 The PSL effect associated with the Southern Annular Mode (SAM). 

Figure 5.5 The PSL effect associated with the Pacific/North American (PNA) Oscillation. 

Figure 5.6 The SST effect associated with the Pacific Decadal Oscillation (PDO). 

Figure 5.7 The SST effect associated with the North Atlantic Oscillation (NAO). 

Figure 5.8 The SST effect associated with the Indian Ocean Dipole (IOD). 

Figure 5.9 The SST effect associated with El Niño Southern Oscillation (ENSO). 

Figure 5.10 The PSL effect associated with the East Atlantic (EA) Oscillation. 

Figure 5.11 The PSL effect associated with the Arctic Oscillation (AO). 

Figure 5.12 The effect of all investigated modes on annual precipitation over the contiguous 

US. 

Figure 5.13 The AMO index calculated from the 16 transient runs (1950-2100) from which 

the 160 time-slice ensemble members are derived. 
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Figure 5.14 The PDO index calculated from the 16 transient runs (1950-2100) from which 

the 160 time-slice ensemble members are derived. 

Figure 5.15 The distribution of the mode values in the recent and future climates, with K-S 

test p-values comparing the distributions between time-slices given. 

Figure 5.16 The SST effect associated with El Niño Southern Oscillation (ENSO) in the 

recent and future climates for comparison. 

Figure 6.1 Scatterplots showing the relationship between ENSO and IOD, and ENSO and 

TNA+1 in the recent and +2°C climates 

Figure 6.2 Scatterplots of annual temperature and precipitation in the contiguous US against 

the climate mode index values. 

Figure 7.1 The area of effect of each mode to a 5-sigma significance threshold. 

Figure 7.2 The seasonally discrete area of significant influence of each mode. 

Figure 7.3 The geospatial effect on the annual number of fires of all modes not given in 

Figure 2. 

Figure 8.1 The effect of climate modes on annual precipitation over the contiguous US in the 

recent climate. 

Figure 8.2 The effect of climate modes on annual vapour pressure deficit over the contiguous 

US in the recent climate. 

Figure 8.3 The effect of climate modes on annual gross primary productivity over the 

contiguous US in the recent climate. 

Figure 8.4 The effect of climate modes on annual precipitation over the contiguous US in the 

+2°C climate. 

Figure 8.5 The effect of climate modes on annual vapour pressure deficit over the contiguous 

US in the +2°C climate. 

Figure 8.6 The effect of climate modes on annual gross primary productivity over the 

contiguous US in the +2°C climate. 
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Figure 9.1 The effect of the positive and negative phases of the AMO+1 on the annual 

wildfire distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.2 The effect of the positive and negative phases of the TSA on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.3 The effect of the positive and negative phases of the TNA+1 on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.4 The effect of the positive and negative phases of the PNA on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.5 The effect of the positive and negative phases of the PDO+1 on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.6 The effect of the positive and negative phases of the NAO on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.7 The effect of the positive and negative phases of the IOD on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 9.8 The effect of the positive and negative phases of the ENSO on the annual wildfire 

distributions in each of the US Geographic Area Coordination Centres. 

Figure 10.1 The effect of the positive and negative phases of ENSO on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.2 The effect of the positive and negative phases of IOD on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.3 The effect of the positive and negative phases of TNA+1 on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.4 The effect of the positive and negative phases of PDO+1 on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.5 The effect of the positive and negative phases of TSA on the length and peak 

timing of the fire season over the contiguous US. 
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Figure 10.6 The effect of the positive and negative phases of NAO on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.7 The effect of the positive and negative phases of AMO+1 on the length and peak 

timing of the fire season over the contiguous US. 

Figure 10.8 The effect of the positive and negative phases of PNA on the length and peak 

timing of the fire season over the contiguous US. 

Table 11.1 The changing areas of the contiguous US affected by each mode with a future 

+2°C warming. 

Figure 11.1 The geospatial effect of the AMO+1 on the annual number of wildfire 

occurrences in the recent and +2°C time-slices, with the strengthening or weakening effect of 

the mode (relative to the mean rate of wildfire occurrence) with +2°C climate change also 

shown. 

Figure 11.2 The geospatial effect of the TNA+1 on the annual number of wildfire occurrences 

in the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.3 The geospatial effect of the TSA on the annual number of wildfire occurrences in 

the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.4 The geospatial effect of the PNA on the annual number of wildfire occurrences in 

the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.5 The geospatial effect of the PDO+1 on the annual number of wildfire occurrences 

in the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.6 The geospatial effect of the NAO on the annual number of wildfire occurrences 

in the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 
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Figure 11.7 The geospatial effect of the IOD on the annual number of wildfire occurrences in 

the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.8 The geospatial effect of the ENSO on the annual number of wildfire occurrences 

in the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.9 The geospatial effect of the AO on the annual number of wildfire occurrences in 

the recent and +2°C time-slices, with the strengthening or weakening effect of the mode 

(relative to the mean rate of wildfire occurrence) with +2°C climate change also shown. 

Figure 11.10 Comparative effect of La Niña years versus +2°C global warming on wildfire 

occurrence likelihood.  
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4.7.1 Overview of Previous Studies 

Most previous studies on the association between climate modes and wildfire in the contiguous 

US have focussed on site-based or regional reconstructions of the wildfire record from tree ring 

fire-scars. These can provide analyses covering multiple decades to centuries, but necessarily 

only focus on a limited spatial extent. State wildfire records and remote sensing have also been 

used. These cover a larger and more continuous area, but cover a shorter study period where 

the effects of a given climate mode may be much more uncertain. 

Acronyms: ENSO (El Niño Southern Oscillation), AMO (Atlantic Multidecadal Oscillation), 

PDO (Pacific Decadal Oscillation), SOI (Southern Oscillation Index), NAO (North Atlantic 

Oscillation), PDSI (Palmer Drought Severity Index), MEI (Multivariate ENSO Index), NOAA 

(National Oceanic and Atmospheric Administration), NCAR (National Center for Atmospheric 

Research), NCEP (National Centers for Environmental Prediction), PNA (Pacific/North 

American). 

Supplementary Table 1.1: Overview of previous studies of the relationships between wildfire 

and climate modes for the contiguous US. 

Reference Study Extent Study 

Period 

Mode Source Data Source Wildfire 

Property 

Ascoli et al. 

(2020) 

Alaska, Yukon, Alberta, Quebec. (7, 8, 

15, 7 sites) 

1957–2016, 

1987–2016, 

1951–2016, 

1989–2014 

ENSO and AMO from 

ocean temperatures. 

Correlation of 

picea glauca 

masting 

chronologies 

with burnt 

area 

Burnt area 

Westerling & 

Swetnam (2003) 

Continental United States (number of 

trees and number of sites not stated) 

1701–1978, 

1916–1978 

ENSO and PDO 

reconstructed (tree-ring) 

and modern (observed) 

Fire scars  
Fire 

occurrence 

Hessl et al. (2004) Central and Eastern Washington State 

(5 sites, 1701 trees) 

1700-1990 ENSO and PDO from tree 

rings 

Heyerdahl et al. 

(2002) 

Eastern Oregon and Washington States 

(4 sites, 3659 trees) 

1687–1994 ENSO from SOI (modern) 

and tree rings (historical) 

Heyerdahl et al. 

(2008) 

Interior Oregon and Washington States 

and Southern British Columbia 

Province (15 sites, 3720 trees) 

1651–1900 ENSO and PDO from tree 

rings 

Johnston et al. 

(2017) 

East Oregon (13 sites, 189–201 trees) 1650–1900 ENSO and PDO from 

published reconstructions 

168



 

 

(tree rings and reanalysis 

meteorology) 

Kipfmueller et al. 

(2012) 

Pacific Northwest (Oregon, 

Washington, Idaho, Montana, 

Wyoming), Central Rockies (Colorado 

Wyoming), Southwest (Colorado, New 

Mexico, Arizona) (128 sites) 

1700–1900 ENSO and PDO from tree 

rings 

Kitzberger et al. 

(2007) 

Sierra Madre Occidental, Arizona, 

Southern New Mexico, Northern New 

Mexico, Southern Colorado, Northern 

Colorado, Black Hills (South Dakota), 

Sierra Nevada (California), Blue 

Mountains (Oregon, Washington 

Southern British Columbia, Canada) 

(238 sites, 4760 trees) 

1550–1924 ENSO, PDO and AMO 

from tree rings 

Le Goff et al. 

(2007) 

Waswanipi (Quebec) (46 trees, 31 

sites) 

1720–2000 PDO, NAO, AMO from 

tree rings, post-reformation 

European weather data 

Margolis & 

Swetnam (2013) 

Southwestern US (Utah, Colorado, 

Arizona, New Mexico) (n trees not 

stated, 16 sites) 

  

1700-1904 

(and 1905-

1978 for 

PDSI) 

ENSO, PDO and AMO 

from tree rings 

Moody et al. 

(2006) 

Plumas National Forest (California) 

(144 trees, 4 sites) 

1454–2001 ENSO and PDO from tree 

rings 

Norm & Taylor 

(2003) 

Lassen National Forest (California) 

(112 trees, 8 sites) 

1700–1849 ENSO and PDO, from pre-

1900 tree rings 

Schoennagel et al. 

(2005) 

Jasper National Park (Northern 

Rockies), Yellowstone National Park 

(Central Rockies), Rocky Mountain 

National Park (Southern Rockies) 

(1694 trees, 3 study areas) 

1700– 1975 ENSO and PDO tree ring 

reconstructions 

Sibold & Veblen 

(2006) 

Rocky Mountain National Park 

(Colorado) (6152 trees, 487 sites) 

1650–1978 ENSO, PDO and AMO 

tree ring reconstructions 

Trouet et al. 

(2010) 

Pacific Northwest, Northern California, 

Interior West, Southwest (2980 trees, 

350 sites) 

 

1441–1910, 

1400–1861, 

1281–1974, 

1403–1859 

ENSO tree ring 

reconstruction 

Kitzberger et al. 

(2001) 

Southwestern United States (Arizona 

and New Mexico) (63 sites, 933 trees) 

1914–1987 ENSO from tree rings Fire scars and 

US federal 

Fire 

occurrence 
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Swetnam & 

Betancourt (1998) 

Arizona, New Mexico, Sonora (>900 

trees, 63 sites) 

1700–1900,  

1920–1978 

ENSO reconstruction 

(provenance unknown) 

burnt area 

records 

and burnt 

area 

Swetnam & 

Betancourt (1990) 

Arizona, New Mexico (n trees not 

stated, 28 sites) 

1700–1905, 

1905–1985 

ENSO tree ring 

reconstruction 

Barbero et al. 

(2015) 

Northwestern Ecoregions (Northern 

Rockies, Canadian Rockies, Middle 

Rockies, Idaho Batholith, Northern 

Basin and Range, Central Basin and 

Range, and Snake River Plain) 

1984–2012 ENSO from reanalysis 

(MEI) 

National/ state 

fire records 

Very large 

fires 

Dixon et al. 

(2008) 

Mississippi State 1990–2006 ENSO, NAO, PNA, PDO 

NOAA modes 

Fire 

occurrence 

and size 

Simard et al. 

(1985) 

Continental United States 1926–1978 Strong ENSO years from 9 

common indicators 

Fire 

occurrence 

and burnt 

area 

Cardil et al. 

(2021) 

Southern Coastal California Ecoregion 1953–2018 NOAA modes 

Burnt area 
Goodrick & 

Hanley (2009) 

Florida State 1981–2003 PNA and NAO from 

NOAA 

Fauria & Johnson 

(2008) 

Canada 1918–2005 ENSO, PDO, AO from 

NCAR/NOAA 

Cardil et al. 

(2023) 

Global 1982–2018 NOAA modes 

Remote 

sensing 

Burnt area 

Justino et al. 

(2022) 

North of 40°N 2001–2020 AO and PNA from 

reanalysis 

Fire 

occurrence 

Mason et al. 

(2017) 

Continental US 1979–2015 Derived from NCEP 

NARR 

Reanalysis 

risk index 
Fire danger 
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4.7.2 Viability of Reanalysis to Find Mode Effects 

 

Supplementary Figure 2.1: the association between the reanalysis fire model and key climate 

modes where there is an FDR-corrected statistical significance level of 0.05. The sign and 

magnitude of the relationship is given by the ratio between the annual number of wildfires in 

the positive (upper panels) or negative (lower panels) phase – defined as beyond plus or minus 

half a standard deviation from the mean respectively. The effect of each mode is shown relative 

to the mean annual number of wildfires – to account for any non-linearity in the effect between 

phases that would not be captured by linear regression. 

 

Supplementary Figure 2.2: the association between the reanalysis fire model and key climate 

modes with no level of statistical significance prescribed. The sign and magnitude of the 

relationship is given by the ratio between the annual number of wildfires in the positive (upper 

panels) or negative (lower panels) phase – defined as beyond plus or minus half a standard 

deviation from the mean respectively. The effect of each mode is shown relative to the mean 

annual number of wildfires – to account for any non-linearity in the effect between phases that 

would not be captured by linear regression.  
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Supplementary Figure 2.3: the association between the FPA FOD fire occurrence data and key 

climate modes to an FDR-corrected significance of 0.05. The sign and magnitude of the 

relationship is given by the ratio between the annual number of wildfires in the positive (upper 

panels) or negative (lower panels) phase – defined as beyond plus or minus half a standard 

deviation from the mean respectively. The effect of each mode is shown relative to the mean 

annual number of wildfires – to account for any non-linearity in the effect between phases that 

would not be captured by linear regression. Note that the FPA FOD starts at 1992, hence the 

curtailed time period. 

 

Supplementary Figure 2.4: the association between the FPA FOD fire occurrence data and key 

climate modes when no significance level is considered. High levels of noise and areas with 

insufficient data mean that a trend cannot be identified. The sign and magnitude of the 

relationship is given by the ratio between the annual number of wildfires in the positive (upper 

panels) or negative (lower panels) phase – defined as beyond plus or minus half a standard 

deviation from the mean respectively. The effect of each mode is shown relative to the mean 

annual number of wildfires – to account for any non-linearity in the effect between phases that 

would not be captured by linear regression. Note that the FPA FOD starts at 1992, hence the 

curtailed time period. 
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Supplementary Figure 2.5: The distribution of the modelled annual number of wildfires for the 

recent climate ensemble under different mode phases compared to the distribution of all years, 

per Shen et al. (2025). The dots show the actual mean value of modelled annual fires. The 

boxplots show the distribution of the mean number of annual fires, drawn from the distribution 

of years but with the same sample size as the number of years in that phase in the reanalysis 

period – repeated 10,000 times. The outer limits of the boxplots represent the 2.5th and 97.5th 

percentiles, and the three internal lines correspond to the 25th, 50th and 75th percentiles of the 

bootstrapped distribution. 
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4.7.3 Context on Regions and Climate Change Signal 

 

Supplementary Figure 3.1: Reproduced from Keeping et al. (2025). Modelled and observed 

patterns in the annual number of wildfires greater than 0.1 hectares, with both the mean and 

1st-99th percentile spread shown. The plots show (a) the observed annual mean of the wildfire 

occurrence record for 1992–2020; (b) the modelled reanalysis mean for 1990–2019; (c) the 

modelled ensemble mean for the modern (2000–2009 climate); (d) the modelled ensemble 

spread for the modern; (e) the ratio of model spread and mean for the ensemble modern; (f) the 

+2°C ensemble mean (2000–2009 climate plus 2°C of warming); (g) the +2°C ensemble spread; 

and (h) the ratio of model spread and mean for the +2°C ensemble. Note that the FPA FOD 

starts at 1992, hence the slightly curtailed time period. 

 

Supplementary Figure 3.2: an overview of (a) the ecoregions and (b) the National Interagency 

Fire Center Geographic Area Coordination Center (NIFC GACC) regions referred to in this 

study.  
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4.7.4 Bias Correction Performance 

Supplementary Table 4.1: KNMI-LENTIS bias correction performance statistics in comparison 

to ERA5 data for input into fire occurrence model. Based on correlation of top four moments 

for data aggregated monthly at 2π * ensemble resolution. The variables are mean daily surface 

windspeed (sfcwind); daytime mean vapour pressure deficit (vpd); diurnal temperature range 

(dtr); precipitation (pr); prior 5-day precipitation (pr_5d); prior 50-day GPP (GPP_50d); 

prior year GPP (GPP_1yr). 

R2  sfcwind vpd dtr snc pr pr_5d GPP_50d GPP_1yr 

Mean 0.922 0.987 0.983 0.994 0.985 0.985 0.881 0.773 

Variance 0.567 0.812 0.684 0.409 0.726 0.771 <0 <0 

Skewness 0.073 <0 0.741 0.098 0.110 0.307 <0 0.531 

Kurtosis 0.020 <0 0.052 <0 <0 <0 <0 0.266 
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4.7.5 Global Climate Mode Representation in KNMI-LENTIS 

Supplementary Figures 5.1-5.11 show that the Sea Level Pressure (SLP) and Sea Surface 

Temperature (SST) phenomena (specified in each figure caption) associated with each global 

climate mode are all adequately represented in the KNMI-LENTIS ensemble. The Atlantic 

Multidecadal Oscillation (AMO) shows the characteristic AMO+ warm pool in the northern 

Atlantic, with the correct region of highest anomaly off the Greenland coast. The Tropical South 

Atlantic (TSA) shows the characteristic TSA+ warm sea surface temperatures below West 

Africa, spreading in effect to the Caribbean Sea. The Tropical North Atlantic (TSA) shows the 

expected TNA+ warm band in the northern tropics, with cool effects towards the equator and 

in the extratropical west Atlantic. The Southern Annular Mode (SAM) shows the expected low 

pressure system over Antarctica associated with the SAM+. The Pacific/North American (PNA) 

oscillations strongly shows the expected PNA+ low in the northeastern Pacific; but does not 

show clearly the expected western US high and eastern US low – though the associated arctic 

high in the PNA+ is present. The Pacific Decadal Oscillation (PDO) shows the expected cool 

sea surface temperature jet off the west coast of Japan, and the pooling of warmer water against 

West North America. The North Atlantic Oscillation (NAO) shows the expected sea surface 

temperature quadrupole with warmer sea surface temperatures of the eastern US and in 

Northern Europe, and cooler sea surface temperatures off Greenland and West Africa. The 

Indian Ocean Dipole (IOD) shows the expected gradient of cool to warm sea surface 

temperatures from the west to east Indian Ocean in the negative mode. El Niño Southern 

Oscillation (ENSO) shows the expected warm jet along the equator in El Niño (SOI-) with 

cooler sea surface temperature pools north and south of it in the west and central Pacific. The 

East Atlantic (EA) oscillation shows the northern pressure low and southern pressure high in 

the Atlantic associated with the EA+. The Arctic Oscillation (AO) shows the expected low 

pressure system over the Arctic associated with the AO+. 

The effect of each global climate mode (Supplementary Figure 5.12) on precipitation patterns 

over the contiguous US in the recent climate ensemble is consistent with expectations. For 

ENSO, wetter conditions are expected during La Niña in the northwestern and inland East US, 

and during El Niño in the southern latitudes of the US (Ropelewski and Halpert, 1987). These 

features are all well represented in the ensemble. For the IOD, precipitation conditions are 

expected to be highly correlated to ENSO, with limited independent influence (Hu et al., 2023). 

This is matched in the ensemble, with the IOD showing highly similar patterns to ENSO but 
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with a lesser overall magnitude of effect. For the PDO, southwestern precipitation is associated 

with a strong increase in the positive phase (Dai, 2013), in other regions the effect is limited for 

the annually averaged index (Kumar et al., 2013). This is well represented in the ensemble. For 

the TNA, the association with precipitation, like the IOD, is confounded by its close association 

with ENSO (Kushnir et al., 2010). The association with ENSO is matched in the ensemble, with 

the precipitation pattern a weakened version of that observed under ENSO. The TSA is not 

association with US precipitation. In the ensemble it has a minor negative effect in the central 

US. For the NAO, higher winter precipitation can result from a positive phase in the eastern US 

(Ning and Bradley, 2014), but this effect is dominated by ENSO (Tang et al., 2023; Ning and 

Bradley, 2014) whilst in the southwestern US conditions are wetter in the negative phase 

including when controlling for ENSO (Tang et al., 2023). In the ensemble this southwestern 

effect is well-represented, whilst the eastern effect is not, this can be explained by the dominant 

effect of ENSO on precipitation in the region. For the AMO, a decrease on contiguous US 

precipitation is associated with the positive phase, though this effect is patchy over the region 

(Hu et al., 2011). No clear effect is apparent in the ensemble data, possible due to the index 

signal not being smoothed over a decadal timescale. For the PNA, the positive phase is 

associated with elevated rainfall in the great Plains and East coast and reduced rainfall in the 

northwestern US (Leathers et al., 1991). In the ensemble, the East coast and Great Plains effects 

are seen, but there is an additional stronger effect in the southwestern US as well as no effect in 

the northwest; this can be explained by correlation (Soulard et al., 2019) between the positive 

PNA and El Niño. For the AO, high precipitation totals are expected over the central US (Hu 

and Feng, 2010). This effect is well represented in the ensemble, but an additional effect is 

present in the southwestern US; this can be explained by correlation (Simpkins, 2021) between 

the AO and NAO. The EA is not associated with an effect on US meteorology, but has been 

linked to a modulation of the NAO (Rodrigo, 2021). The ensemble shows limited diverging 

effect on precipitation between its phases. The SAM is not associated with a direct impact on 

US meteorology. The ensemble shows a minor positive effect for the central US. Overall, the 

major effects on precipitation are well-represented in the ensemble, although confounding 

effects from correlation and modulating-effects between modes can render the signal hard to 

attribute. 

The transient, continuous runs of the two multidecadal modes both show clear decadal or longer 

time-period oscillations (Supplementary Figures 5.13-5.14). The amplitude of multidecadal 

oscillations in the AMO is comparable to the amplitude of sub-decadal oscillations, meaning 
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that a clear multidecadal signal emerges in the annual index values considered in this study. On 

the other hand, the sub-decadal timescale oscillations in the PDO are significantly greater than 

the multidecadal oscillations, meaning that a multidecadal effect does not emerge and sub-

decadal oscillations dominate as the key effect in this study. 

 

Supplementary Figure 5.1: The sea surface temperature pattern of the Atlantic Multidecadal 

Oscillation (AMO) in the recent climate ensemble, showing the characteristic AMO+ warm 

pool in the northern Atlantic, with the correct region of highest anomaly off the Greenland 

coast. 

 

Supplementary Figure 5.2: The sea surface temperature pattern of the Tropical South Atlantic 

(TSA) in the recent climate ensemble, showing the characteristic TSA+ warm sea surface 

temperatures below West Africa, spreading in effect to the Caribbean Sea. 
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Supplementary Figure 5.3: The sea surface temperature pattern of the Tropical North Atlantic 

(TNA) in the recent climate ensemble, the TNA+ warm band in the northern tropics, with cool 

effects towards the equator and in the extratropical west Atlantic. 

 

 

Supplementary Figure 5.4: The sea-level pressure pattern of the Southern Annular Mode (SAM) 

in the recent climate ensemble, showing the expected low pressure system over Antarctica 

associated with the SAM+. 
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Supplementary Figure 5.5: The sea-level pressure pattern of the Pacific/North America (PNA) 

in the recent climate ensemble, showing strongly the expected PNA+ low in the northeastern 

Pacific. Does not show clearly the expected western US high and eastern US low, though the 

associated arctic high in the PNA+ is present. 

 

 

Supplementary Figure 5.6: The sea surface temperature pattern of the Pacific Decadal 

Oscillation (PDO) in the recent climate ensemble, showing the expected cool sea surface 

temperature jet off the west coast of Japan, and the pooling of warmer water against West North 

America.  
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Supplementary Figure 5.7: The sea surface temperature pattern of the North Atlantic 

Oscillation (NAO) in the recent climate ensemble, showing the expected sea surface 

temperature quadrupole with warmer sea surface temperatures of the eastern US and in 

Northern Europe, and cooler sea surface temperatures off Greenland and West Africa. 

 

Supplementary Figure 5.8: The sea surface temperature pattern of the Indian Ocean Dipole 

(IOD) in the recent climate ensemble, showing the expected gradient of cool to warm sea 

surface temperatures from the west to east Indian Ocean in the negative mode.  
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Supplementary Figure 5.9: The sea surface temperature pattern of El Niño Southern Oscillation 

(ENSO) in the recent climate ensemble, this shows the expected warm jet along the equator in 

El Niño (SOI-) with cooler sea surface temperature pools north and south of it in the west and 

central Pacific. 

 

Supplementary Figure 5.10: The sea-level pressure pattern of the East Atlantic (EA) in the 

recent climate ensemble, showing a northern pressure low and southern pressure high in the 

Atlantic associated with the EA+.  
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Supplementary Figure 5.11: The sea-level pressure pattern of the Arctic Oscillation (AO) in the 

recent climate ensemble, showing the expected low pressure system over the Arctic associated 

with the AO+. 

 

Supplementary Figure 5.12: The effect of the phase of each climate mode (greater or lesser 

than half of a standard deviation from zero) on annual precipitation totals relative to the mean 

rate.  
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Supplementary Figure 5.13: The 16 transient runs of the AMO index from which the 160 

ensemble members for each time-slice are derived. The thin line shows the annual timeseries 

and the thicker, under-filled line shows the decadally smoothed, centered average. 

 

Supplementary Figure 5.14: The 16 transient runs of the PDO index from which the 160 

ensemble members for each time-slice are derived. The thin line shows the annual timeseries 

and the thicker, under-filled line shows the decadally smoothed, centered average. 
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Supplementary Figure 5.15: Distributions, with K-S test p-values for difference in distribution 

in both periods. There are small but statistically significant shifts in the ENSO, IOD and TNA 

distributions. 

 
 

Supplementary Figure 5.16: The sea surface temperature pattern of El Niño Southern 

Oscillation (ENSO) in the recent (left) and future (right) time slice of the climate ensemble.  
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4.7.6 Correlations Between ENSO, IOD and TNA+1 

The El Niño Southern Oscillation (ENSO) is correlated with the Indian Ocean Dipole (IOD) 

and Tropical North Atlantic (TNA) in the ensemble. The below scatter plots given an overview 

of that relationship in the ensemble recent and +2°C climates, the TNA+1 is correlated to 

ENSO, whilst the IOD is more strongly anti-correlated. Both modes become more strongly 

correlated with future warming.  

 

Supplementary Figure 6.1: Scatterplots showing relationship between ENSO, IOD and TNA. 

Each datapoint is one annual value. Reanalysis data overlaid with crosses. 
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Supplementary Figure 6.2: Scatterplots of annual temperature and precipitation averaged over 

CONUS against climate mode values for the ensemble 2000-2009 climate. Each datapoint is 

one annual value. Reanalysis values are overlayed as crosses for the period 1990-2019. 
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4.7.7 Areal Effect of Climate Modes in Recent Climate 

This section shows (Supplementary Figure 7.1) the area of positive, negative and insignificant 

effect of each mode to a much high threshold of significance – finding that La Niña, the negative 

Indian Ocean Dipole (IOD), and positive 1-year lagged Tropical North Atlantic all persist as 

strongly associated with wildfire occurrence. The areal effect of each mode is also broken down 

by meteorological season (Supplementary Figure 7.2), with modes having the greatest area of 

significant effect on relative change in wildfire occurrence during summer (June to August, 

JJA) except for the Pacific Decadal Oscillation (December to February, DJF) and Tropical 

South Atlantic oscillation (March to May, MAM). Maps showing the area and magnitude of the 

effect for each mode not shown in the main text (Figure 4) are presented in Supplementary 

Figure 7.3, the major effects are the Pacific Decadal Oscillation, Tropical North Atlantic, and 

1-year lagged El Niño Southern Oscillation. 

 

Supplementary Figure 7.1: The area of significant effect for each climate mode over the 

contiguous US, to an extremely strict FDR-corrected significance threshold of 5.7 x 10-7 

(equivalent to 5-sigma)  
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Supplementary Figure 7.2: The seasonal (DJF, MAM, JJA, SON) areas of significant effect for 

each climate mode over the contiguous US. Significance was determined by the p-value of the 

linear regression between the climate mode’s index value and the seasonal number of fires in 

each 0.1° grid-cell, to an FDR-corrected significance threshold of 0.01. The slope of the 

regression determined the sign of the relationship between annual fires and the index.  
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Supplementary Figure 7.3: For all modes not shown in figure 4, showing locations for which 

linear regression determined a significant relationship between the annual number of fires and 

the climate mode’s index; the ratio between the annual number of fires in the positive and 

negative phases of each mode relative to the mean annual number of fires. 
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4.7.8 Effect of Climate Modes on Wildfire Drivers 

 

Supplementary Figure 8.1: the relative influence of climate modes on annual precipitation in 

the recent climate for the large ensemble. 

 

Supplementary Figure 8.2: the relative influence of climate modes on annual VPD in the recent 

climate for the large ensemble. 
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Supplementary Figure 8.3: the relative influence of climate modes on annual GPP in the recent 

climate for the large ensemble. 

 

Supplementary Figure 8.4: the relative influence of climate modes on annual precipitation in 

the +2°C climate for the large ensemble. 
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Supplementary Figure 8.5: the relative influence of climate modes on annual VPD in the +2°C 

climate for the large ensemble. 

 

Supplementary Figure 8.6: the relative influence of climate modes on annual GPP in the +2°C 

climate for the large ensemble.  
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4.7.9 Regional probability distribution functions of Annual Wildfires Given 

Climate Mode Phase 

This section shows the difference in the positive and negative phase distributions for all wildfire 

administrative fire regions in the US (Geographic Area Coordination Centres) – for the 

AMO+1, TSA, TNA+1, PNA, PDO+1, NAO, IOD, and ENSO. In some regions, the mode’s 

effect is to spread the distribution further in the wildfire prone phase, such as in Southern 

California or the Southwest, whilst in others the mode’s effect is solely on the distribution 

centre, such as in Northern California or the Great Basin. The strongest effects on the 

distribution are that of ENSO, the TNA+1 and IOD, whilst the AMO+1, PDO+1, and PNA also 

have significant regional effects. Western regions show a greater response in the distribution 

than ecoregions, although this could be partially explained by their small extent. 

 
Supplementary Figure 9.1: the effect of Atlantic Multidecadal Oscillation (AMO) on US wildfire 

distributions regionally. 
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Supplementary Figure 9.2: the effect of Tropical South Atlantic (TSA) on US wildfire 

distributions regionally. 
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Supplementary Figure 9.3: the effect of 1-year lagged Tropical North Atlantic (TNA+1) on US 

wildfire distributions regionally. 
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Supplementary Figure 9.4: the effect of Pacific/North American (PNA) on US wildfire 

distributions regionally. 
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Supplementary Figure 9.5: the effect of 1-year lagged Pacific Decadal Oscillation (PDO+1) 

on US wildfire distributions regionally. 
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Supplementary Figure 9.6: the effect of North Atlantic Oscillation (NAO) on US wildfire 

distributions regionally. 
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Supplementary Figure 9.7: the effect of Indian Ocean Dipole (IOD) on US wildfire distributions 

regionally. 
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Supplementary Figure 9.8: the effect of El Niño Southern Oscillation (ENSO) on US wildfire 

distributions regionally. 
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4.7.10 Wildfire Season Length and Peak Timing Given Climate Mode Phase 

El Niño shows a strong effect on the seasonal timing, resulting in an earlier fire season peak 

east of the Great Plains and a later fire season peak west of the Great Plains and in the 

southwestern US. The reverse of this effect is apparent in La Niña years, but is not as strong in 

its difference from the mean. This El Niño like effect on the fire season is also apparent in the 

negative 1-year lagged Tropical North Atlantic (TNA+1), the positive Indian Ocean Dipole 

(IOD), and the negative 1-year lagged Pacific Decadal Oscillation (PDO+1) in order of 

decreasing strength. The negative Pacific/North American and positive North Atlantic 

Oscillation are also associated with a half-month earlier peak in the Californian fire season. The 

effect on the length of the fire season corresponds to the areas where the modes are most 

associated with an increase in the number of wildfires (Figure 4). This signal is strongest for 

the increasing effect under La Niña in the southwestern US, the Great Plains, and southern 

Florida, an effect also visible in the IOD and TNA+1. 

 
Supplementary Figure 10.1: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of El Niño 

Southern Oscillation (ENSO) on the timing of the seasonal peak in months. Bottom row; the 

length of the fire season in months (calculated as the number of months over the mean annual 

half-maximum) and the effect of the phase of ENSO on the season length in months. 
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Supplementary Figure 10.2: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the Indian 

Ocean Dipole (IOD) on the timing of the seasonal peak in months. Bottom row; the length of 

the fire season in months (calculated as the number of months over the mean annual half-

maximum) and the effect of the phase of IOD on the season length in months. 

 

 
Supplementary Figure 10.3: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the 1-year 

lagged Tropical North Atlantic (TNA+1) on the timing of the seasonal peak in months. Bottom 

row; the length of the fire season in months (calculated as the number of months over the mean 

annual half-maximum) and the effect of the phase of TNA+1 on the season length in months. 
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Supplementary Figure 10.4: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the 1-year 

lagged Pacific Decadal Oscillation (PDO+1) on the timing of the seasonal peak in months. 

Bottom row; the length of the fire season in months (calculated as the number of months over 

the mean annual half-maximum) and the effect of the phase of PDO+1 on the season length in 

months. 

 
Supplementary Figure 10.5: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the Tropical 

South Atlantic (TSA) on the timing of the seasonal peak in months. Bottom row; the length of 

the fire season in months (calculated as the number of months over the mean annual half-

maximum) and the effect of the phase of TSA on the season length in months. 
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Supplementary Figure 10.6: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the North 

Atlantic Oscillation (NAO) on the timing of the seasonal peak in months. Bottom row; the length 

of the fire season in months (calculated as the number of months over the mean annual half-

maximum) and the effect of the phase of NAO on the season length in months. 

 
Supplementary Figure 10.7: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the 1-year 

lagged Atlantic Multidecadal Oscillation (AMO+1) on the timing of the seasonal peak in 

months. Bottom row; the length of the fire season in months (calculated as the number of months 

over the mean annual half-maximum) and the effect of the phase of AMO+1 on the season 

length in months. 
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Supplementary Figure 10.8: top row; the average seasonal phase across all locations with 

sufficiently high seasonal concentration (over 0.15), and the effect of the phase of the 

Pacific/North American (PNA) on the timing of the seasonal peak in months. Bottom row; the 

length of the fire season in months (calculated as the number of months over the mean annual 

half-maximum) and the effect of the phase of PNA on the season length in months.  
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4.7.11  Effect of Future Climate Change on Wildfire’s Relationship with 

Global Climate Modes 

Supplementary Table 11.1 gives the numerical values corresponding the Figure 9 in the main 

text, showing the change in the areal effect of modes from the recent to +2°C climates. 

Maps are then shown for the relative change in the number of wildfires for the recent and +2°C 

ensemble climates where the effect is significant to p<0.001; the strengthening of the effect in 

the regions where the relationships is significant in both climates (as shown in Figure 10) is 

also shown for context. In addition to the strengthening effects described in Section 3.3 of the 

main text, these maps show significant changes in the patterns of influence of some modes. The 

1-year lagged Atlantic Multidecadal Oscillation (AMO+1) shows a very strong increase in its 

area and strength of effect on wildfire occurrence, covering much of the eastern US in the +2°C 

scenario. The Pacific/North American (PNA) and Arctic Oscillation (AO) also increase 

significantly in their area of effect, covering much of the central US in the +2°C climate; whilst 

the Tropical South Atlantic (TSA) declines to having almost no influential area. 

Supplementary Table 11.1: Percentage of contiguous US area significantly affected by each 

mode in the +2°C period.  Three asterisks indicate a changed area over 30%, two asterisks 

indicate a changed area over 10%, one asterisk indicates a changed area over 5%. 

 Was Insignificant Was Positive Was Negative 

N/A + - N/A + - N/A + - 

Same 

Year 

ENSO 3.6 5.0 0.2 2.0 88.9 0.0 0.1 0.0 0.2 

IOD 3.6 0.4 *5.8 0.0 0.1 0.0 1.0 0.0 89.0 

PDO 57.9 2.4 3.1 **17.7 16.4 1.3 0.7 0.0 0.5 

TNA 19.5 *8.8 **25.5 0.1 0.6 0.0 *6.3 0.0 39.3 

TSA 47.5 0.0 0.0 ***52.2 0.0 0.0 0.3 0.0 0.0 

NAO 53.7 *7.8 4.4 **14.7 19.4 0.0 0.0 0.0 0.0 

PNA 30.0 0.1 ***43.6 0.0 0.0 0.0 2.6 0.0 23.7 

AO 61.5 **28.8 0.0 1.9 7.8 0.0 0.0 0.0 0.0 

AMO 79.8 **17.1 3.1 0.0 0.0 0.0 0.0 0.0 0.0 

SAM 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

EA 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Lagged ENSO 22.6 2.4 **29.0 0.3 1.0 0.8 *8.5 0.0 35.5 

207



 

 

IOD 62.8 **12.4 *7.5 0.1 3.7 0.0 **12.5 0.4 0.7 

PDO 20.9 *5.8 0.0 *7.0 66.3 0.0 0.0 0.0 0.0 

TNA 8.5 *5.5 0.0 1.0 84.7 0.0 0.3 0.0 0.0 

TSA 66.3 *6.7 0.0 **13.9 13.1 0.0 0.0 0.0 0.0 

NAO 44.6 0.0 **22.7 0.2 0.0 0.0 *5.1 0.0 27.4 

PNA 79.5 **10.6 0.0 4.2 5.7 0.0 0.0 0.0 0.0 

AO 97.3 0.0 0.0 0.0 0.0 0.0 2.7 0.0 0.0 

AMO 18.0 ***34.5 0.0 *5.8 41.5 0.0 0.1 0.0 0.0 

SAM 95.1 0.0 0.0 4.9 0.0 0.0 0.0 0.0 0.0 

EA 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 

 

Supplementary Figure 11.1: A comparison of the significant areas of effect of the 1-year lagged 

Atlantic Multidecadal Oscillation (AMO+1) in the recent and +2°C time periods, with the ratio 

of the overlapping significant areas of effect shown in the right-hand column. 

 

Supplementary Figure 11.2: A comparison of the significant areas of effect of the Tropical South 

Atlantic (TSA) in the recent and +2°C time periods, with the ratio of the overlapping significant 

areas of effect shown in the right-hand column. 
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Supplementary Figure 11.3: A comparison of the significant areas of effect of the 1-year lagged 

Tropical North Atlantic (TNA+1) in the recent and +2°C time periods, with the ratio of the 

overlapping significant areas of effect shown in the right-hand column. 

 

Supplementary Figure 11.4: A comparison of the significant areas of effect of the Pacific/North 

American (PNA) in the recent and +2°C time periods, with the ratio of the overlapping 

significant areas of effect shown in the right-hand column.  
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Supplementary Figure 11.5: A comparison of the significant areas of effect of the 1-year lagged 

Pacific Decadal Oscillation (PDO+1) in the recent and +2°C time periods, with the ratio of 

the overlapping significant areas of effect shown in the right-hand column. 

 

Supplementary Figure 11.6: A comparison of the significant areas of effect of the North Atlantic 

Oscillation (NAO) in the recent and +2°C time periods, with the ratio of the overlapping 

significant areas of effect shown in the right-hand column. 

 

Supplementary Figure 11.7: A comparison of the significant areas of effect of the Indian Ocean 

Dipole (IOD) in the recent and +2°C time periods, with the ratio of the overlapping significant 

areas of effect shown in the right-hand column. 
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Supplementary Figure 11.8: A comparison of the significant areas of effect of El Niño Southern 

Oscillation (ENSO) in the recent and +2°C time periods, with the ratio of the overlapping 

significant areas of effect shown in the right-hand column. 

 

Supplementary Figure 11.9: A comparison of the significant areas of effect of the Arctic 

Oscillation (AO) in the recent and +2°C time periods, with the ratio of the overlapping 

significant areas of effect shown in the right-hand column. 
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Supplementary Figure 11.10: The magnitude of internal variability in annual fire occurrences 

due to a climate mode state (La Niña) relative to the mean number of fires in the recent and 

+2°C warmer climates in comparison to the difference between the recent and future climates. 

Left: the difference between the average annual number of wildfires in La Niña years and across 

all years in the recent (2000-2009) climate. Centre: the difference between the average annual 

number of wildfires in La Niña years and across all years in the +2°C warmer climate. Right: 

the difference between the average annual number of wildfires across all years in the recent 

(2000-2009) and future (+2°C warmer) climates. 
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Discussion and Conclusions 
In this thesis, I have presented a new model to predict the likelihood of wildfire occurrence. I 

then ran that model using outputs from a large ensemble (LE) climate model to investigate the 

interannual variability of wildfire occurrences in both the recent climate and a climate subject 

to a further +2°C global warming. Finally, I used this LE to assess the association of wildfire 

occurrence activity with global climate modes in the contiguous US, and the effect of future 

climate change on these relationships. The approach taken to address these questions included 

some key innovations, including (1) the use of an LE instead of a single climate model run to 

quantify uncertainties stemming from intrinsic internal climate variability, (2) the focus on 

climate modes as potential precursors of fire occurrence, and (3) the approach to variable and 

variable-domain selection. 

 
5.1 Overview of Key Innovations 

5.1.1 Driving Wildfire Model with an LE 

5.1.1.1 Characterising Interannual Variability 

Weather conditions and vegetation properties are key controls on the wildfire regime, with 

annual patterns in atmospheric moisture demand (VPD) and vegetation growth (GPP) able to 

predict distinct wildfire regimes (Harrison et al., 2025b). Seasonal weather – and its effect on 

plant productivity – is stochastic, meaning that an individual seasonal realisation of the weather 

is one of many possible outcomes in a particular climate. Interannual variability in weather 

conditions can therefore be directly linked to the strong variability between fire years at federal 

(USA) or national (EU) scales (San-Miguel-Ayanz et al., 2024; Finco et al., 2012). This 

variability in annual wildfire can lead to difficulty in assessing likely fire year severities which 

systems could experience. Most wildfire modelling efforts have used a single realisation of the 

climate and therefore of climate-driven vegetation properties (e.g. Hantson et al., 2020; Li et 

al., 2024; Sullivan et al., 2022; Burton et al., 2024). This can give a realistic overview of what 

actually happened but is a very small sample of the possible conditions that could occur, 

whether a reanalysis of observed weather or a climate model run is used to run the fire model. 

A single realisation is thus insufficient to predict the distribution of possible outcomes in the 

near-term using the current climate, or in the future using climate projections. The application 

of the wildfire occurrence model with a large climate ensemble (Chapter 3) is a key tool for 

characterising the distribution of possible wildfire year outcomes.  

218



 

 

 

The distribution of fire weather has been assessed using LE methods (Squire et al., 2021), but 

such studies do not consider the effect of the vegetation response to climate variability. The 

spread of average fire year outcomes has also been assessed by applying a wildfire model to 

different projected rates of climate change (Sullivan et al., 2022). However, as climate 

variability is not well-characterised by a single model run, this places an upper and lower bound 

on average annual wildfire conditions given emissions pathway uncertainty and does not relate 

to the spread in a given projected climate. Epistemic uncertainty on the distribution of possible 

wildfire outcomes has also been tested, for example, by using the uncertainty on model 

parameters (Sullivan et al., 2022) or on the best weighting of multiple deterministic wildfire 

predictions (Burton et al., 2024). Such methods are useful best estimates given model 

limitations, but again do not allow for the full extent of interannual variability in modelled 

wildfire to be assessed. 

 

In this thesis, I apply input data derived from a bias-corrected and downscaled 160-member 

large ensemble (Chapter 3) to the wildfire occurrence model (Chapter 2) for the recent (2000-

2009) and future (a further +2°C) climates. This provides a distribution of potential fire years 

that can be used to assess expected annual wildfire occurrence to different return periods, and 

how those occurrence levels respond to future climate change. Using an LE to characterise a 

climate-related impact is standard in other research areas such as flooding (Cloke et al., 2012; 

Van der Wiel et al., 2019), extreme heat (McHugh et al., 2023), and storms (Yoshida et al., 

2017). LE applications are especially valuable when accounting for climate change, as the 

distribution at a given global mean surface temperature is not well sampled by realised weather 

before it is changed by further warming. Furthermore, with a much larger sample size the 

determinants of high activity fire years can be established to a higher level of statistical 

significance. A leave-one-out application of the LE shows that variability in annual GPP is of 

emerging importance in determining fire year variability as the climate changes, and that 

variability in VPD is the predominant control on the severity of extreme fire years (Chapter 3). 

It also allows a better characterisation of the wildfire regime from a preparedness and 

operational perspective. For example, the 1-in-100-year wildfire season length is an important 

statistic to ensure that there are sufficient resources for a long fire season. This cannot be 

determined from a single climate realisation, as the number of years with sufficiently similar 

climate conditions is much less than 100. 
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5.1.1.2 Defining the Effect of Global Climate Modes 

Climate modes are oscillating regional patterns in the coupled ocean-atmospheric system, such 

as the Atlantic Multidecadal Oscillation (AMO) or El Niño Southern Oscillation (ENSO). The 

phases of these climate modes persist for seasonal to multidecadal time periods and condition 

the likelihood of different seasonal weather outcomes (Wang and Schimel, 2003; Kenyon and 

Hegerl, 2008). The effect of climate modes on weather in turn affects wildfire, for example 

through the effect of altered precipitation patterns on fuel accumulation or of temperature 

extremes on fuel moisture (Shen et al., 2019). Many climate modes exhibit identifiable 

precursors, such as through anomalies in sea surface temperatures, pressure and wind shear 

(Chang et al., 2007; Zhang et al., 2014). This enables climate modes to be predicted months in 

advance and thus provides a method to predict wildfire in the coming season. 

 

Applying a wildfire model to a large ensemble time-slice has the advantage of delivering a large 

dataset in an approximately static climate, allowing the association of global climate modes 

with wildfire to be rigorously determined (Chapter 4). The LE method finds the continuously 

varying geographic pattern of the association between a climate mode and wildfire occurrences, 

giving both the magnitude and significance level of the relationship. Previous work on the 

association between climate modes and wildfire (Chapter 4, Supplementary Table 1.1) has 

focussed on statistical significance. This does not directly map onto the magnitude of a climate 

mode’s effect, which is the more important variable from a risk management perspective. Whilst 

the LE has been applied in this thesis to find the effect on annual wildfire occurrences, the 

method is also applicable to other wildfire models for variables such as fire size or intensity.  

 

Climate mode-wildfire associations have previously been examined using remote sensing data 

from recent decades, regional wildfire records, and multi-century tree-ring analysis. The LE 

approach I have presented (Chapter 4) addresses limitations in each of these methodologies. 

Remotely sensed wildfire records start at approximately 1980, so are limited by the short time-

period of the observational record. Longer timescale climate modes have undergone few 

oscillations in this period which, in conjunction with the noisiness of wildfire data, means that 

relationships cannot be resolved to a high level of confidence in most regions (Cardil et al., 

2023), even whilst not accounting for the false discovery rate accounted for in this thesis. Multi-

decadal national and regional wildfire records have also been used (Cardil et al., 2021; Dixon 

et al., 2008; Fauria and Johnson, 2007), but the records are also often too short to resolve 
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relationships between wildfire and longer timescale modes. Additionally, fire activity data is 

often aggregated over large areas, which may obscure geographic differences in the effect of 

climate modes. Multi-century tree-ring analysis (Kitzberger et al., 2007; Le Goff et al., 2007; 

Sibold and Veblen, 2006) can address the timescale issue but only informs on a specific site. 

Results from this method have therefore not been scaled to large regions and cannot identify 

continuous geographic patterns in a mode’s effect. Very recent progress in machine learning 

reconstructed burnt area (Guo et al., 2025) has provided wildfire data from 1900, which could 

be used with verification from short-period satellite or spatially discontinuous tree-ring based 

analyses. 

5.1.2 Overcoming Issues in Wildfire Occurrence Modelling 

5.1.2.1 Flexible Variable Selection 

Wildfire likelihood is conditioned by multiple effects, or ‘drivers’. These include topographic 

effects – such as terrain ruggedness and elevation, meteorological controls on fuel moisture and 

fire dynamics – such as evaporative demand, precipitation and wind, human influence on the 

landscape – through ignitions, fire suppression and land-use, and the effect of vegetation – due 

to fuel loads and plant flammability (Chapter 1, Jones et al., 2022). Whilst the number of effects 

that influence wildfire are confined to controls on ignitions, heat-release and spread, there are 

many variables that have been used to represent these underlying factors. One example would 

be the use of either precipitation, or atmospheric humidity or temperature related effects to 

model fuel drying (Haas et al., 2024). Furthermore, once a physically sound variable has been 

chosen, it can be parameterised based on multiple different statistics and time periods. There 

are therefore a very high number of potential predictors, making variable selection a key 

problem for wildfire model development. As ignition sources are random and variation in fuel 

composition and moisture cannot be exactly known, a probabilistic modelling approach is 

necessary (Taylor et al., 2013). This makes the robust selection of predictors with a strong 

physical basis especially important. 

 

The major factors included in wildfire models are natural ignitions, human ignitions, live and 

dead vegetation amounts, plant flammability traits, fuel moisture, wind, topography, and human 

suppression of fires (Chapter 1, Rabin et al., 2017; Haas et al., 2024). An illustrative example 

of the poor consensus on which effects to include is the number of variables that have been used 

in wildfire models to characterise the amount and continuity of vegetation. These include gross 

primary production (GPP), the fraction of absorbed photosynthetically active radiation, the leaf 
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area index, vegetation optical depth, net primary production, and solar-induced fluorescence 

(Bistinas et al., 2014; Forkel et al., 2017; Kuhn-Régnier et al., 2021; Haas et al., 2022; Di 

Giuseppe, 2023; Forrest et al., 2024). Similarly, temperature, specific humidity, relative 

humidity, vapour pressure deficit (VPD), dry days, and soil moisture have been used to quantify 

the effect of atmospheric moisture demand (Krawchuk et al., 2009; Kuhn-Régnier et al., 2021; 

Haas et al., 2022; Son et al., 2024). Even given the selection of a specific variable, numerous 

statistics of that variable can be viable predictors. For example, VPD is used to describe the fuel 

drying response to variations in temperature and humidity (Williams et al., 2019), however the 

minimum, maximum, daytime mean, 24-hour mean, and various multi-day means have all been 

shown to be useful predictors of wildfire (Chapter 2, Balch et al., 2022; Haas et al., 2022). The 

effect of vegetation is also predictive at multiple different antecedent timescales – recent plant 

growth decreases wildfire likelihood, whilst long-term growth increases the likelihood (Chapter 

2, Kuhn-Régnier et al., 2021; Haas et al., 2022). This reflects the fact that long-term growth 

increases fuel availability whereas recent growth can only occur when plant-available moisture 

is high, meaning that the fuel is likely too wet to burn.  

 

The optimal set of predictors also varies with scale. For example, at a spatial resolution of 

approximately 25 km, vegetation abundance (annual GPP) is a key predictor of burnt area but 

reduces fire intensity (Haas et al., 2022). This control on burnt area is partially because GPP is 

strongly controlled by the fraction of photosynthesising (and thus burnable) land-cover in that 

grid-cell. However, at a 30m resolution, vegetation abundance (annual NDVI) is predictive of 

the high intensity, high mortality wildfires (Parks et al., 2018) that occur in high fuel load 

environments (Chapter 1). Timescale can also alter a variable’s effect, meaning the optimal 

predictors depend on a wildfire model’s temporal resolution, which vary from sub-daily (Li et 

al., 2024) to annual (Krawchuk et al., 2009) timesteps. For example, at daily timescales high 

VPD increases wildfire likelihood but over long timescales limits plant growth and reduces 

wildfire viability (Grossiord et al., 2020).  

 

A number of different methods have been used to select predictors. Haas et al. (2022) use a 

backwards selection algorithm, eliminating predictors from a generalised linear model (GLM) 

that do not meet a t-value (significance) greater than 4.5 and variance inflation factor less than 

5. This prioritises the selection of highly statistically significant relationships, increasing the 

likely applicability of the model to out of sample scenarios. However, backwards variable 

selection is not computationally feasible for large candidate variable sets. Backwards 
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elimination can also result in the selection of a local rather than global optimum, where an 

initially eliminated variable could have resulted in a better performing model had a covariate 

been removed instead (Chowdhury and Turin, 2020). The significance level at which variables 

are eliminated is also an arbitrary decision compared to methods that optimise for overall model 

performance. Mukunga et al. (2023) also use a backwards selection algorithm, eliminating 

predictors from a random forest if they do not meet a variance inflation condition of less than 

10. This method targets the greatest span of variables that can be used without introducing 

multicollinearity and thus emphasises capturing the effects present in the training data most 

completely. This method shares the backwards elimination issues of Haas et al. (2022) and does 

not optimise for model performance or predictor significance. Forrest et al. (2024) apply a 

process of “informed trial and error” in which different variables for key effects such as fire 

weather or fuel availability are substituted for and evaluated by the model’s explained deviance. 

This is a constrained approach, balancing expert knowledge of wildfire drivers and predictive 

power. It is not computationally scalable to large sets of candidate predictors and does not test 

variable combinations that the expert has not considered.   

 

The method I have presented (Chapter 2) uses a variable selection algorithm that tests to see if 

removing an existing variable improves model performance before calculating the optimal new 

variable to add. This addresses a number of issues raised by other variable selection methods. 

Using an automated variable selection algorithm allows for consideration of a much larger pool 

of candidate variables. The inclusion of a step testing for an improvement by replacing any 

existing variable is a measure against selection of a local optimum. This is an issue for forwards 

(backwards) variable selection methods, as the greatest initial improvement from selecting 

(eliminating) a variable at that step does not relate to that variable being in the set of predictors 

that maximises model performance (Chowdhury and Turin, 2020). Furthermore, this method 

optimises for the best overall combination of candidate variables by optimising for model 

likelihood, as opposed to assessing the significance of individual variables.  

 

Another key advantage of the variable selection algorithm presented in Chapter 1 is that the 

selection procedure was repeated across multiple training datasets – to assess the consistency 

of selected variables and select the sets of predictors that perform best. Key driving effects 

included rural population density, long-term and recent plant productivity, and plant cover type. 

The combination of diurnal temperature range, night-time VPD, snow-cover and recent 

precipitation were found to be the most important meteorological predictors. I extended this 
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work (in Haas et al., 2024) by forcing the selection of each candidate variable in a reduced pool 

of potential variables and then finding the remaining selected variables across 100 training 

datasets. This application allows for how well a predictor combines with other key effects to be 

assessed. For example, if daily insolation is a predictor then shorter antecedence GPP is selected 

more frequently, or if temperature is a predictor then relative humidity often replaces VPD. 

5.1.2.2 Optimisation of Predictor Domains in Linear Wildfire Models 

A specific variable may only have an effect on the likelihood of wildfire occurrence in a 

particular part of its total range, or it may have a positive effect in one part and a negative effect 

in another. For example, precipitation decreases the immediate likelihood of wildfire but has a 

much greater effect up to approximately 10 mm d-1, i.e. under conditions that vary from 

completely dry to moderately moist fuel conditions. There can also be ‘humped’ relationships 

between predictors and wildfire. The intermediate productivity hypothesis (Pausas and Ribeiro, 

2013) is an example of this. Increasing GPP is associated with an increase in wildfire activity 

due to higher fuel availability up to an intermediate value of GPP, before further increases of 

GPP above this value lead to a decrease in wildfire activity as the environment becomes too 

moist for wildfire. A similar effect is apparent for population density, where wildfire 

occurrences increase up to an intermediate value, beyond which occurrences decrease (Chapter 

1). Thresholds beyond which a variable’s effect saturates or changes sign are not accounted for 

in many statistical wildfire models, including Krawchuk et al. (2009), Haas et al. (2022), Fan 

et al. (2023), Forrest et al. (2024). This approach is justified for some effects, as monotonic 

modelled relationships are able to predict emergent unimodal patterns. Linear responses to 

primary production and moisture predictors combine to produce the humped relationship along 

the productivity gradient (Bistinas et al., 2014). However, this cannot be assumed to be true for 

all emergent patterns and does not account for the fact that only some parts of the range of a 

predictor may cause a significant change in wildfire likelihood.  

 

In this thesis, the domain optimisation method (Chapter 2) iteratively tests clipping each 

predictor variable’s domain (meaning the range of possible values of an independent variable) 

by raising or decreasing the domain’s lower or upper bound respectively. If no initial 

improvement in model likelihood is found, increasing reductions in the predictors’ domains are 

tested. This algorithm thus identifies the sections of each variable’s domain driving the most 

significant change in wildfire likelihood, eliminating sections of the domain at points beyond 

which it has no significant additional effect. Some existing wildfire models and fire weather 
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indices prescribe a heuristic threshold at which this occurs (e.g. Knorr et al., 2014; Van Wagner, 

1987). On the other hand, the method I have presented flexibly calculates the optimal cut-off 

threshold given the training data and other predictors. The precipitation candidate variable 

varies from 0 to 450 mm d-1, but after optimisation its effective domain is reduced to 0 to 13 

mm d-1. This selection captures the saturating effect of rainfall on vegetation flammability and 

increases the model’s predictive power by driving a stronger effect in that critical part of the 

domain. The upper bound of annual average GPP was clipped at approximately 140 µg C m-2 

s-1 (from 230 µg C m-2 s-1), and the effect of population density was cut-off at approximately 7 

persons km-2 (pre-clipped at 25 persons km-2 from 56,000 persons km-2). This reflects the 

humped response of wildfire likelihood to these variables (Chapter 1, Figure 3). Another key 

feature of the domain optimisation algorithm is that each step tests for the overall improvement 

to the model given the other variables included and their domains. Thus, the method optimises 

for the best combined set of variable domains. 

5.2 Summary of Key Findings 

In addition to the methodological contributions made (Section 5.1.2), this thesis has also yielded 

useful findings. The wildfire occurrence model (Chapter 2) identified the key drivers of wildfire 

occurrence greater than 0.1 ha size in the contiguous USA. The most important human driver 

was the population density gradient in sparsely habited areas. Annual-multiannual plant growth 

and recent plant growth were always found to be important, although the degree of antecedence 

of each varied. Plant cover type was also commonly selected: shrubland and crop cover reduced 

wildfire occurrence likelihood, and forest and grassland increased wildfire likelihood. The key 

meteorological effects were controls on atmospheric moisture demand, recent precipitation and 

snow cover. The most selected combination of atmospheric moisture controls was night-time 

VPD and diurnal temperature range. These are non-standard wildfire model predictors but relate 

to widely used variables such as daily average VPD or relative humidity. An explanation for the 

process captured here is the combined effect of a pre-dawn fine fuel moisture level that is then 

acted upon by heating during the day.  

 

The LE identified three key areas in which interannual variability has a particularly large effect 

on annual wildfire outcomes (Chapter 3). These are the small, but nonetheless highly wildfire 

prone, regions of southern Florida and Mediterranean California, and the much larger Great 

Plains. Chapter 3 also provided support for the idea for the emergence of a climate change 

driven fuel limitation on wildfire regimes in the western USA (Abatzoglou et al., 2021) and 
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identified an increase in the importance of long- and short-term drying effects on fire-year 

variability in the historically humid southeastern USA.  

 

Chapter 4 extended existing research on the role of climate modes on wildfire activity in the 

contiguous USA (Kitzberger et al., 2007; Barbero et al., 2015; Mason et al., 2017). The 

identification of the additional significant effect of the lagged Tropical North Atlantic (TNA+1) 

climate mode to the relationship between North American wildfire and ENSO is important 

because seasonal prediction of wildfires generally focuses only on ENSO (NIFC, 2025). The 

identification of a greater synchronicity of the East and West USA fire season peaks in more 

wildfire prone La Niña years has implications for resource sharing between regional wildfire 

management organisations. Finally, these analyses provided projections of the effects of future 

climate change on these modes and shows that these could indeed be very different. There is, 

for example, a strong increase in the effects of the TNA+1 and AMO+1 on annual wildfire in 

the Great Plains and western USA in the future projections, as well as an increase in the area 

where the Pacific/North American, Arctic Oscillation and Pacific Decadal Oscillation climate 

modes, which have only a limited impact in the modern climate, are projected to have a 

significant effect under a further 2°C global warming. 

5.2.1 Contributions to Better Defining Risk 

The probability distribution output of the LE (Chapter 3) is useful from a risk preparedness 

perspective. A deterministic picture of wildfire danger predicts the mean outcome, and is not 

useful for predicting rare, high impact events because of the climate’s internal stochasticity. 

Simulating the distribution of possible outcomes, and how that distribution is expected to 

change, allows risk managers to prepare for unseen events, using knowledge of their probability 

to balance the impact of an extreme year and the necessary resource expenditure to mitigate 

that impact. This distribution also provides information on the likelihood of wildfire events that 

have happened. This is critical context for investigation of catastrophic wildfire seasons (e.g. 

NHRA, 2023; CIFFC, 2024) that then informs policy on emergency preparedness. When used 

in the context of a future climate, the resulting present and future distributions can be used to 

find the change in severity for a fire year of a given rarity, or to find the change in likelihood 

for a pre-defined high impact year. A hazard distribution is essential for catastrophe risk 

modelling since different hazard intensities have different impacts on exposed people or 

property (Mitchell-Wallace et al., 2017). Likely annual wildfire occurrence is not the most 

appropriate hazard intensity metric to model risk to property, for which fire-line intensity, flame 
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length and the likelihood of large fires are better metrics (Wibbenmeyer and Robertson, 2022; 

Salis et al., 2013, Thompson et al., 2015). Nonetheless, it is a useful metric as days with many 

wildfire outbreaks require higher resource expenditure for wildfire to be contained at the 

landscape scale.  

 

Predictable climate modes (Chapter 4) offer scope for seasonal to multiannual wildfire 

forecasting. Recent progress in seasonal fire weather forecasting (Di Giuseppe et al., 2024) 

means that fire weather anomalies can be predicted up to a minimum horizon of one month 

globally. But this timeframe is not long enough for risk management activities such as 

mechanical fuel removal, prescribed burning and assessing emergency response systems, which 

must be implemented months in advance. The strong effect of climate modes on likely annual 

wildfire occurrences, means that climate mode precursors could be used to provide a longer-

term probabilistic prediction of the likely fire season severity. This capability is likely of 

growing importance, as both extreme wildfire incidence and the association between climate 

modes and wildfire activity have been found to increase with future climate change 

(Cunningham et al., 2024; Chapter 4). 

5.3 Research Limitations and Future Work 
5.3.1  Limitations of SMILEs  

In this thesis I have focused on the aleatoric uncertainty arising from a single model initial 

condition perturbed large ensemble (SMILE) – KNMI LENTIS (Muntjewerf et al., 2023). At 

regional scales, internal climate variability significantly outweighs the effect of different 

models’ representation of the weather distribution in the present climate, but differences 

between models become the dominant source of uncertainty in future projections (Lehner et al., 

2020; von Trentini et al., 2020). The future projection of annual wildfire occurrences in 

Chapters 3 and 4 should therefore be interpreted as the shift in the distribution of possible fire 

years under this specific GCM – presenting a significant caveat on using this work to project 

future changes in USA fire regime. However, Chapters 3 and 4 are primarily focussed on 

identifying patterns of variability in wildfire internal to the present and future climates, and 

understanding the drivers of that internal variability. A SMILE is appropriate for exploring these 

questions, as it enables a focus solely on stochastic variability in weather between years, without 

the confounding effect of differences in physics schemes. 
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It would be beneficial to look at additional SMILEs derived from other GCMs, to understand 

the uncertainty on the spread of the wildfire distribution that comes from differences between 

climate models. Although, the primary source of uncertainty in future projections is the 

emissions scenario, use of multiple SMILEs would help to characterise the uncertainty due to 

both internal variability and model structural uncertainty in future fire occurrence. Use of 

multiple SMILEs could also decrease uncertainty about the association between climate modes 

and wildfire, as the representation of climate modes varies between climate models (Maher et 

al., 2024). 

5.3.2 Limitations of the Statistical Model 

The wildfire occurrence model (Chapter 2) used in this thesis employed a GLM framework. 

Good model performance was achieved through careful variable selection (Section 5.1.2.1), the 

limitation of each predictor’s effect to its most predictive subdomain (Section 5.1.2.2), and a 

rescaling of the model output to address the underestimation of wildfire extremes in GLMs 

(Forrest et al., 2024). The parsimonious GLM modelling framework was chosen to prioritise 

the selection of highly likely and interpretable drivers, by constraining selected variables to 

those with strong, linear effects on the log-odds of daily wildfire probability. The domain-

optimisation and power-law rescaling adaptations both introduce two additional degrees of 

freedom into the predictor relationships and the model link function respectively. These 

adaptations are both highly constrained. The predictors constrained to be linear within the 

selected domain and static otherwise, and the rescaling of the link function constrained to a 

monotonic function. Through these constraints, the model focusses on the main effects driving 

wildfire likelihood at the continental scale.  

 

This rigidity comes with predictive limitations. First, the model assumes a spatially consistent 

response to fundamental driving relationships, which could impact model performance in 

environments in which predictors have a non-standard effect. This is unlikely to be an issue for 

predictors relating to physical processes, where emergent patterns in wildfire activity can be 

derived from linear causal effects (Bistinas et al., 2014). However, to account for the effect of 

certain processes on wildfire likelihood – mostly from people and vegetation traits – indirect 

variables that affect multiple causal processes (Section 1.2, Table 1) are often the only available 

predictors. Such effects can have varying effects on wildfire depending on fire ecology, for 

example the differing effect of landscape fragmentation on burnt area in fire-adapted and non-

adapted ecosystems (Harrison et al., 2025a). 
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Second, by enforcing linear relationships within a single subdomain of each predictor, 

secondary nonlinear effects may not be accounted for. The precipitation subdomain was limited 

to 0-13 mm d-1, ensuring the strong dampening effect of low precipitation totals on wildfire 

likelihood are captured. However, for example, a stronger precipitation effect from 0-1 mm d-1 

or weaker but significant effect from 13-20 mm d-1 would not be captured in the linear model. 

Such effects would be fit by less constrained statistical methods, such as generalised additive 

models or spline-based models, as well as by all commonly used ML modelling techniques.  

 

Third, predictors were selected before domain optimisation, as simultaneously solving both 

optimisation problems would have dramatically increased the necessary compute. This 

introduces a bias towards variables with a strong overall effect, which could mean that abrupt 

or non-monotonic variable effects are not accounted for. The development of a bespoke variable 

selection method on the basis of predictor subdomain effects is a clear avenue for future work, 

and could offer a more complete exploration of the important drivers of wildfire. Nonetheless, 

model evaluation (Chapter 2) and the substantial truncations in precipitation and population 

density from the domain optimisation algorithm show good predictive and feature selection 

capability. 

 

Many machine learning methods, including random forests, gradient boosted machines, and 

neural networks, can account for discontinuous effects in driving variables and have been highly 

successful in predicting present patterns in wildfire (Forkel et al., 2017; Jain et al., 2020; 

McNorton et al., 2024; Son et al., 2024). Unlike the GLM method used in this thesis, the outputs 

of these ML models are not constrained to a linear functional form, and are therefore able to 

closely match nonlinear effects and variable interactions that affect wildfire likelihood and 

behaviour – generally achieving higher classification accuracy compared to linear statistical 

models. ML methods also address the three limitations discussed above. There is no constraint 

on variable effects remaining constant along environmental gradients, meaning that potential 

spatially varying predictor effects can be accounted for; there is also no restriction on nonlinear 

predictor effects; and specific variable features are selected directly, instead of a subsequent 

domain optimisation process. From a wildfire forecasting – or present to near-term risk 

modelling – perspective, the application of ML techniques to the key variable associations 

identified in Chapter 2, as well as emergent associations in Chapters 3 and 4, could be highly 

useful. 
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Machine learning methods are not used in the wildfire occurrence model presented in this thesis. 

The adapted-GLM method is a highly constrained statistical framework specifically targeted at 

identifying strong, linear, single-variable relationships that relate to generalisable causal effects 

across diverse environments. In contrast to modelling methods with many more degrees of 

freedom, this limits the risk of overfitting the model to the data and ensures a conservative 

extrapolation into a future climate – which may include environmental conditions poorly 

sampled in currently available observational data. Due to the continuing evolution of advanced 

predictive modelling techniques, there is no widely accepted, formal distinction between 

statistical and ML methods. One distinction between the two modelling ‘cultures’ is on the basis 

of whether an initial model form is assumed – data modelling – or generated by the modelling 

process – algorithmic modelling (Breiman, 2001). By this dichotomy, the model presented in 

this thesis is constrained but algorithmic, as the predictors, their critical driving domains, and 

the ultimate functional form of the link function are all optimised for automatically. Another 

way of distinguishing modelling methods, is the degree to which constraints are imposed on the 

functional form of the model. The adapted GLM framework presented here is less constrained 

than a simple GLM due to the predictor domain optimisation and link function rescaling. It is, 

however, significantly more constrained than some statistical methods – such as generalised 

additive models or multiplicative adaptive regression splines – and all machine learning models. 

The choice not to use these other methods was taken due to an emphasis on the inference of 

strong predictor effects with broad applicability, over pure predictive power of in-sample 

training data. 

5.3.3 Increasing Operational Utility 

As the potential for rapid fire spread and intensity are often already well characterised by fire 

weather indices, a model only predicting occurrence likelihood already provides significant 

additional utility from an operational perspective and has therefore been targeted by forecasters 

such as ECMWF (McNorton et al., 2024). However, the threshold fire size used here (0.1 ha) 

is arbitrary, and was chosen to maximise the amount of training data whilst filtering out very 

noisy small fire data. The occurrence modelling method could therefore also be applied to 

larger, and likely more hazardous, wildfire events. In addition, the variable selection and 

domain optimisation components of the modelling method are directly applicable to predicting 

other wildfire properties such as fire size, burnt area, intensity, severity and emissions. 
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The occurrence model (Chapter 2) was developed for the contiguous USA due to the availability 

of high-quality wildfire data in the region. There are a uniquely high number of good quality 

wildfire hazard models for the USA, so application of this model to other regions would likely 

be more fruitful from a risk perspective. As the key predictors identified in the contiguous USA 

are globally available and are trained on environments that span a wide range of extratropical 

fire regimes (Harrison et al., 2025b; Chapter 1), there is scope for the model to be applied to 

other regions without being retrained on local data. The extent to which such an application 

would capture wildfire likelihood patterns in a new region as well as for the contiguous USA 

would have to be carefully assessed. However, a comparative analysis between a retrained and 

unaltered model could also provide insight into the similarities and differences in the drivers of 

wildfire occurrence between regions (Bistinas et al., 2013). 

5.3.4 Improvement of Fire-Enabled DGVMs 

The wildfire occurrence model could also be used to improve existing global wildfire models. 

The variety of controls accounted for go significantly beyond the simple occurrence modules 

in FireMIP Dynamic Global Vegetation Models (DGVMs) (Rabin et al., 2017), which account 

for the viability of wildfire based on fuel moisture and availability and can include a lightning 

and population density driven ignition sub-module. GlobFIRM (Thonicke et al., 2001) and 

SIMFIRE-BLAZE (Knorr et al., 2014) do not allow for multiple wildfire occurrences per grid-

cell per day, and MC-FIRE (Conklin et al., 2016) does not account for ignitions or fuel 

availability when simulating wildfire occurrences. By incorporating key processes missing 

from these models, model performance issues could be addressed – for example the 

underestimation of African burnt area due to the single fire limitation in GlobFIRM (Li et al., 

2024). Other global wildfire models have an ignitions sub-module (Lehsten et al., 2009; Li et 

al., 2013; Melton and Arora, 2016; Mangeon et al., 2016) but the replacement of these modules 

with an integrated small fire occurrence module would be a means to increase predictive power 

and present a falsifiable output at the occurrence stage of the wildfire model. 

 

The ensemble running of the variable selection algorithm over a large set of 47 candidate 

predictors (Chapter 2) is useful from a model development perspective, and can be used as a 

comprehensive assessment of key predictor effects over the region (Haas et al., 2024). An 

expansion of this work over a larger set of predictors to test for further improvement in model 

performance with new effects would be useful for future model development. This might be 

particularly useful in terms of socioecological predictors, allowing us to assess economic, 
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demographic and behavioural variables. This is a key line of research for the continued 

development of new wildfire models that fully integrate the intentional and unintentional 

anthropogenic influence on fire (Shuman et al., 2022; Perkins et al., 2023). Another line of 

investigation could be to more closely examine the effect of different variable antecedences. 

Antecedent conditions have been found to be important predictors of wildfire in some studies 

(Kuhn-Régnier et al., 2021, Richardson et al., 2022). A limited range of antecedences of GPP, 

VPD and precipitation were examined in Chapter 2. This range could be expanded. It would 

also be useful to investigate whether other fire drivers have antecedent states that should be 

taken into consideration.  

 

5.4 Overall Conclusions 
I have presented a wildfire occurrence model that addresses previous limitations of statistical 

wildfire models through a flexible variable selection algorithm, optimisation for the driving 

domain of each variable, and power law rescaling of the GLM output. The method is 

generalisable to other regions, different spatial and temporal scales, and other wildfire 

properties such as intensity or size. I used this method to identify the drivers of daily wildfire 

likelihood in the contiguous USA, and showed the importance of (1) including antecedent GPP 

in both recent months and over annual or longer timescales, (2) diurnal temperature range as a 

predictor, and (3) population density is most predictive of wildfire likelihood if only at relatively 

low values (< 7 persons km-2). 

 

The LE application of the wildfire occurrence model showed that climate change increased the 

average expected annual number of wildfires over almost the entire contiguous USA but 

increased the variability between fire years even more. This interannual variability in the fire 

regime was primarily controlled by daily timescale fuel curing (VPD) and annual timescale fuel 

productivity (annual GPP). With future climate change, the limitation of fuel productivity on 

annual wildfires became more influential, especially in the western USA, whilst curing 

processes (both daily drying and longer-term drought effects) emerged as key regional drivers 

in the southeastern USA. The LE application is useful in characterising the uncertainty 

associated with inherent stochasticity to realised weather conditions and has particular benefits 

from a risk management perspective. 

 

The LE ensemble was used to examine the associations between wildfire and climate modes. 

The strongest climate mode influencing annual wildfire in the USA are ENSO and the TNA+1; 
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these modes combine in effect over the Great Plains, Mediterranean California and southern 

Florida. The AMO+1 also emerged as a strong influence on wildfire likelihood with future 

climate change. Climate modes can also significantly influence the timing of the wildfire 

season: in El Niño years, for example, the southeastern USA spring fire season peak is earlier 

in the year and in the southwestern USA the summer fire season peak is later. 
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The global drivers of wildfire
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Changes in wildfire regimes are of growing concern and raise issues about how
well we can model risks in a changing climate. Process-based coupled fire-
vegetation models, used to project future wildfire regimes, capture many aspects
of wildfire regimes poorly. However, there is now a wealth of information from
empirical studies on the climate, vegetation, topography and human activity
controls on wildfire regimes. The measures used to quantify these controls vary
among studies, but certain variables consistently emerge as the most important:
gross primary production as a measure of fuel availability, vegetation cover as a
measure of fuel continuity, and atmospheric humidity as ameasure of fuel drying.
Contrary to popular perception, ignitions are generally not a limiting factor for
wildfires. In this review, we describe how empirical firemodels implement wildfire
processes, synthesise current understanding of the controls on wildfire extent
and severity, and suggest ways in which fire modelling could be improved.

KEYWORDS

wildfire regimes, drivers of wildfire, empirical modelling, fuel availability, fuel continuity,
fuel drying, wildfire modelling

Highlights

• Empirical analyses of the controls on wildfires consistently identify vegetation
properties associated with fuel availability and continuity and climate factors
associated with fuel drying as the most important influences on wildfire extent
and severity.

• Ignitions, whether anthropogenic or natural, are generally not limiting.
• Fire size, burnt area and fire intensity are influenced by different factors; current
relationships between these aspects of wildfire could become decoupled in an
altered climate.

• Some hypotheses embedded in ‘process-based’ fire-vegetationmodels are inconsistent
with empirical evidence, implying a need for a re-design.

Introduction

Wildfires are unplanned fires that occur in natural ecosystems, although the ignition
source can be natural (most often lightning) or anthropogenic. Wildfires occur on all
vegetated continents. Current remotely-sensed based estimates suggest that something of
the order of 2.6% ± 0.3% (GFED4: Giglio et al., 2013) to 5.9% ± 0.5% (GFED5: Chen et al.,
2023) of the global vegetated area burns each year. Wildfires have been the most important
cause of disturbance in natural ecosystems for millions of years (Scott, 2000; Scott and
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Glasspool, 2006; Harrison et al., 2010) and indeed are fundamental
to the maintenance of many ecosystems and floras (Pausas and
Keeley, 2009; Pausas et al., 2017; Harrison et al., 2021; Pausas and
Keeley, 2023). The fire regime, the long-term characteristics of
wildfires in specific environments (Lavorel et al., 2007; Archibald
et al., 2018) as expressed in terms of fire size, intensity, extent or
frequency, shapes ecosystem properties and plant reproductive
traits. Some ecosystems rely on frequent wildfires for the
establishment of dominant plant-types, whilst others can only
support infrequent burning (Archibald et al., 2013; Archibald
et al., 2018; Harrison et al., 2021; Foster et al., 2018; Simpson
et al., 2021).

At a global scale, burnt area has declined in recent decades
(Andela et al., 2017; Forkel et al., 2019; Jones et al., 2022; Zubkova
et al., 2023). This decline is driven by changes in the tropical
savannas of northern Africa and grasslands in Asia, and to a
lesser extent by changes in southern Africa and Europe (Zubkova
et al., 2023); other regions of the world have shown no significant
trends in the past two decades. Nevertheless, recent years have been
marked by extreme wildfire seasons, characterised by increased
frequency, seasonality, size, intensity or severity of wildfires, in
several regions, including Europe (Carnicer et al., 2022; Grünig
et al., 2023), Siberia (Kharuk et al., 2022; Ponomarev et al., 2023) and
the western United States (Singleton et al., 2019; Mueller et al., 2020;
Jones et al., 2022; Wasserman and Mueller, 2023). These extreme
wildfires have been widely attributed to anthropogenic climate
change (Abatzoglou et al., 2019; Kirchmeier-Young et al., 2019;
Williams et al., 2019; Bowman et al., 2020; Abram et al., 2021; van
Oldenborgh et al., 2021). Model projections suggest that burnt area
will increase by 13%–15% by 2030 and by 20%–40% by 2050 (UNEP,
2022). The focus on future changes in burnt area may be mis-
leading, however, since some studies show that changes in other
aspects of the fire regime, such as intensity, may be decoupled from
changes in burnt area under altered climate states (Haas et al., 2023;
Haas et al., 2024).

Wildfire regimes are controlled by factors related to climate,
vegetation, landscape characteristics and human activities (Bowman
et al., 2009; Harrison et al., 2010; Bowman et al., 2011). Many of
these controls are incorporated in some way in global fire-enabled
vegetation models (Rabin et al., 2017) or are implicit in empirically
based global fire models. Nevertheless, while these models can
predict the broad global patterns of burnt area, they struggle to
reproduce fire season length or the interannual variability of
wildfires (Hantson et al., 2020). It is unclear how well they
reproduce other aspects of wildfire regimes, such as fire intensity,
since this has not been a focus of model evaluation. Even though the
current generation of fire-enabled vegetation models reproduce
modern global patterns of burnt area, there are significant
differences between them in even the sign of historic trends in
burnt area reflecting differences in the sensitivity to individual
forcings (Teckentrup et al., 2019) and an incomplete or
inaccurate description of key processes associated with vegetation
properties and anthropogenic influences on wildfire (Forkel et al.,
2019). There have been many empirical studies analysing the
controls on wildfires at a global scale, many conducted since the
initial development of the current generation of fire-enabled
vegetation models (Forkel et al., 2019) and these could provide a
basis for improving model representations of key processes. This

effort would require an assessment of the robustness of the findings
across studies, and diagnosis of the underlying mechanisms.

The aim of this perspective is to identify key variables needed to
model different aspects of wildfire regimes and how these could be
incorporated in a global modelling framework. We first review how
empirical (data-based) fire models treat key controls on fire
processes. We then review global studies of different fire
properties to assess whether there is a consensus about the
importance of specific drivers of burnt area, occurrence, fire size
and fire intensity. Finally, we suggest ways in which current
understanding of these empirical relationships could be used to
improve models and thus our ability to predict changes in fire
regimes under future climate change.

Wildfire modelling: The state-of-
the-art

Wildfires are simulated in dynamic global vegetation models
(DGVMs) and land-surface models (LSMs) through specific
modules (Hantson et al., 2016; Jones et al., 2022). There are
two basic types: process-based (see e.g., CTM: Arora and Boer,
2005; Melton and Arora, 2016; SPITFIRE: Thonicke et al., 2010;
CLM-Li: Li et al., 2012; Li et al., 2013) and empirical (see e.g.,
GLOBFIRM: Thonicke et al., 2001; Kloster et al., 2010; SIMFIRE-
BLAZE: Knorr et al., 2014; INFERNO: Mangeon et al., 2016)
modules. Process-based models simulate the behaviour of
individual wildfires using theoretical equations for ignitions
and fire spread, alongside parameterisations based on
laboratory or field experiments, and typically produce
estimates of burnt area by scaling up to the grid-cell level
(generally 0.5° × 0.5° or coarser). Although much of the focus
of fire modelling has been on burnt area and carbon emission,
some process-based models explicitly simulate the number and
size of individual fires. Empirical models do not try to simulate
individual wildfires but simulate the emergent properties of the
fire generally using statistical relationships between assumed
drivers and fire properties (usually burnt area) across a grid.
Comparisons of process-based and empirical models made in the
context of the Fire Modelling Intercomparison Project (FireMIP:
Hantson et al., 2016; Rabin et al., 2017) have shown that
empirical models perform at least as well as process-based
models in simulating global patterns of burnt area under
modern conditions (Hantson et al., 2020). Both empirical and
process-based fire models are incorporated in LSM components
of the climate models used in the sixth phase of the Coupled
Model Intercomparison Project (CMIP6), and show comparable
performance in simulating modern burnt area and emissions (Li
et al., 2024).

Although all the FireMIP models can reproduce the spatial
patterns in burnt area under modern conditions reasonably well,
they tend to overestimate the length of the fire season and do not
capture the interannual variability in wildfires (Hantson et al., 2020).
Perhaps more importantly, the models disagreed on the sign and
magnitude of the trend in global burnt area over the 20th century
(Teckentrup et al., 2019; Jones et al., 2022). Furthermore, although
the models captured the emergent observed relationships between
burnt area and various climate factors influencing wildfires, they
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failed to capture the observed relationships with other drivers
(Forkel et al., 2019; Teckentrup et al., 2019). These analyses
imply that the incorporation of process understanding in both
empirical and process-based models is incomplete.

This incompleteness is illustrated by differences in the three
empirically based models (Figure 1; Supplementary Table 1) that
have been used in FireMIP: GLOBFIRM (Thonicke et al., 2001;

Kloster et al., 2010), SIMFIRE-BLAZE (Knorr et al., 2014) and
INFERNO (Mangeon et al., 2016). Fire occurrence is determined by
ignitions in INFERNO, where the number of natural and
anthropogenic ignitions is prescribed. However, ignitions are not
considered to be limiting in GLOBFIRE and SIMFIRE-BLAZE and
occurrence is therefore entirely determined by fuel load and climate
conditions. SIMFIRE-BLAZE uses a threshold of climatological

FIGURE 1
Flow diagram showing how processes related to the simulation of burnt area are treated in empirical models from FireMIP.
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values of the fraction of absorbed photosynthetically active radiation
(fAPAR) as an index of fuel load, whereas the variants of
GLOBFIRM use thresholds of fuel load explicitly to determine
fire occurrence. SIMFIRE-BLAZE also uses thresholds for daily
precipitation and diurnal temperature range to determine fire
occurrence, while GLOBFIRM only allows fire to occur when fuel
moisture content is less than the moisture of extinction. The Kloster
et al. (2010) variant of GLOBFIRM also imposes a daily minimum
temperature threshold on occurrence. All three models consider
landscape flammability, determined by plant functional type (PFT)
in INFERNO, by the length of the fire season and landcover class in
SIMFIRE-BLAZE and by the total number of days with a
probability of fire ignition greater than one in GLOBFIRM.
Fire size is also determined differently by the three models: by
climate conditions in SIMFIRE-BLAZE, fire season length in
GLOBFIRM and by PFT in INFERNO. The standard version
of GLOBFIRM does not account for fire suppression, but the
other models take account of this either through population
density (SIMFIRE-BLAZE, the Kloster et al. (2010) version of
GLOBFIRM and INFERNO) or through cropland area (the
modified version of GLOBFIRM in Thonicke et al., 2001). The
final estimate of burnt area is the product of land cover, longterm
fAPAR and the length of the dry season in SIMFIRE-BLAZE,
whereas it is determined by the number of ignitions, flammability
and PFT-specific fire size in INFERNO, and determined by the
length of the fire season in GLOBFIRM. These differences in the
processes considered and in the final simulation of burnt area
between the empirical models clearly highlight the uncertainties
in understanding of the empirical controls on fire.

Empirical studies of the controls on
burnt area

A review of the literature identified 10 empirical global studies
that examined the controls on wildfires, using either machine-
learning or more traditional regression-based approaches, and
ranked them according to their relative importance in
determining burnt area (Supplementary Table 2). Although these
studies used different analytical approaches, and included different
numbers of explanatory variables, they all provide an assessment of
which variables are significant and a quantitative ranking of the
importance of these variables (see Supplementary Table 3), allowing
at least a qualitative comparison of the consistency of the results.
Several other studies looked at the influence of specific controls (e.g.,
Knorr et al., 2014; Lasslop et al., 2015; Krawchuk and Moritz, 2011)
or have derived predictions based on optimizing multiple controls
without prioritizing them (e.g., Boer et al., 2021); or examined
controls on interannual variability rather than burnt area (e.g.,
Abatzoglou et al., 2018). These studies do not provide a ranking
of the importance and are therefore not considered here.

The initial selection of variables reflects hypotheses about the
mechanisms involved in wildfire occurrence and spread. It is
therefore not surprising that variables related to climate (often
some measure of precipitation and temperature) are selected in
most studies (Figure 2). More surprisingly, the relative importance
of these variables does not reflect the frequency with which they are
included in analyses. In particular, atmospheric humidity is
consistently shown to be an important variable although it is
included in analyses only half as frequently as temperature and

FIGURE 2
Summary of variables selected and considered important for predictions of burnt area in global empirical analyses. The individual bars show the
number of studies which included the variable as a predictor (blue), the number of times the variable was selected as the most important driver of burnt
area (red) and the number of times the variable was in the top three predictors (pink).
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precipitation. Field studies indicate that atmospheric humidity is a
strong control on both live and dead fuel moisture (Dickman et al.,
2023) and this probably explains its emergence as an important
variable. However, in a modelling context, fuel moisture is more
often represented by soil moisture (only indirectly related to
humidity) or some kind of moisture index - both of which are
shown to be relatively unimportant in these empirical analyses.
Variables related to fuel availability, such as the current vegetation
amount and vegetation type, are included equally frequently in these
global analyses. The current amount of vegetation has a different
influence on burnt area from the amount during antecedent periods
(Kuhn-Régnier et al., 2021) and thus these two variables should be
considered separately. Variables related to the instantaneous
amount of vegetation, which impacts both fuel availability and
fuel continuity, emerge as more diagnostic than vegetation type.
When considering both instantaneous and antecedent conditions,
vegetation amount emerges as the single most important control on
burnt area, being the most important predictor in a third of the
studies (Figure 2). This suggests that models that explicitly consider
fuel loads or measures such as fAPAR that are closely related to
vegetation production are more likely to capture the processes
involved in modulating burnt area than models that rely on PFT-
specific parameterisations. A number of variables related to ignitions
(lightning, demographic measures) or to fire spread (wind speed,
topography) are routinely included in these empirical analyses, but
turn out to be less important determinants of burnt area at a global
scale. This helps to explain why models that assume that ignitions
are saturated perform as well as those that explicitly try to estimate
the frequency of natural and human ignitions. Factors relating to
landscape fragmentation (e.g., measures of agricultural activity or
landscape development) are also less important than climate and
vegetation factors in determining burnt area. Landscape
fragmentation has an impact on limiting fire spread, but this
impact is complex and depends on the nature of the
fragmentation and the vegetation type (Armenteras et al., 2017;
Harrison et al., 2021; Rosan et al., 2022; Harrison et al., 2024).
Current measures of and assumptions about the role of
fragmentation, both in empirical and process-based models, are
likely over-simplified. More generally, no variable representative of
human activity and its impact emerges as a strong control on burnt
area. This highlights that the current ways in which we represent this
impact in global models are most likely inadequate and unable to
capture the desired human effects.

Even in the broad categories related to climate and vegetation,
there are differences in the specific metrics employed in different
empirical studies. Precipitation, for example, can be represented by
average monthly values, total precipitation within the typical burn
period or a specific season, or precipitation during an antecedent
period of varying length. However, these different choices frequently
relate to different processes: average monthly data is largely a
measure of the immediate impact of precipitation on fuel
moisture whereas antecedent precipitation is more likely to be
related to the control of aridity on vegetation growth and fuel
accumulation. Both the instantaneous and antecedent measures
of precipitation emerge as important controls of burnt area, and
they have been shown to have different (and contrasting) effects
(Kuhn-Régnier et al., 2021). This poses problems in empirical
analyses since the inclusion of more than one predictor variable

to represent a key process means that the influence of both may be
down-weighted. There is no ideal solution to this problem since
there are still uncertainties about which specific processes need to be
considered and which predictive variables would best represent
these processes. One approach that has been used is systematic
variable selection, in which a large number of individual variables
are tested for their contribution in a large number of models
constructed by systematically including or excluding individual
variables (e.g., Tracy et al., 2018; Keeping et al., 2024).

Systematic variable selection analyses provide support for the
importance of climate, vegetation and human parameters in driving
fire occurrence. Figure 3 shows the frequency of variable selection,
using a forward-backward selection algorithm (Keeping et al., 2024),
for the prediction of fires >0.25 acres for the contiguous
United States in a 12-variable model, given the selection of one
initial variable, in a suite of 1,000 variable selection runs (see
Supplementary Figure 1 for full matrix). Diurnal temperature
range is consistently chosen in all of the runs, even when other
temperature variables are selected as the initial variable. Similarly, 5-
day precipitation, snow cover, antecedent GPP and rural population
density are consistently selected as important in more than 90% of
the selection runs. This analysis confirms the importance of the
factors that emerge as important controls on fire in global analyses -
including factors influencing fuel load (such a vegetation cover or
GPP), fuel drying (such as relative humidity, precipitation), and fire
spread (such as population density or crop cover). However, some
factors that have been used as predictors of fire occurrence in
regional empirical studies, such as minimum temperature or the
presence of powerlines, are never selected in this analysis. This
shows that some factors that might be thought of as influencing fire
occurrence have no additional predictive power in the model and are
thus not important at a global scale.

Few studies have examined the global controls on fire properties
other than burnt area. Three studies were identified that explicitly
looked at the environmental controls of fire occurrence (Shmuel and
Heifetz, 2022; 2023; Mukunga et al., 2023; Zhang et al., 2023) and
four that examined the global controls of fire size (Hantson et al.,
2015; Shmuel and Heifetz, 2022; Haas et al., 2022; Zhang et al.,
2023). Despite the limited number of studies, factors relating to
human activity were shown to have a less significant effect on fire
occurrence than authors expected (Zhang et al., 2023; Shmuel and
Heifetz, 2022) although gross domestic product (GDP) did emerge
as a significant control (Mukunga et al., 2023). Cropland fraction
was shown to increase ignitions in one study (Mukunga et al., 2023);
this contradicts the assumption that croplands have a consistent,
suppressing effect on wildfire activity as registered by fire size and
burnt area. Wind speed was also shown to have a negative effect on
fire occurrence above a threshold of 3–4 m/s-1 (Shmuel and Heifetz,
2023). Fire size follows a power-law (Randerson et al., 2012), and
Hantson et al. (2015) used this assumption to investigate the drivers
of fire size. They showed that there is a negative linear relationship
between cropland cover and fire size but the relationship with
population density was humped, with fire size peaking at
intermediate levels of population density. Similar assumptions
underpin the study of Andela et al. (2017), which suggests that
agricultural expansion has been a key driver of the reduction in fire
size (and the number of fires and global total burnt area) in recent
decades. Zhang et al. (2023) also showed the dominant role of
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human activity in decreasing global BA through suppressing fire size
rather than fire numbers as well as a limited effect of climate and
vegetation in driving fire size (Zhang et al., 2023). This finding is in
line with work showing that road density and cropland cover have a
strong limiting effect on fire size, but that vegetation predictors had a
less significant effect (Haas et al., 2022). These various studies make
it clear that human activities influence different fire properties in
different ways and that factors that increase ignitions may have the
opposite impact on overall burnt area or fire intensity.

Some previous studies have focused on the relationship between
different aspects of fire regimes (e.g., size, frequency, intensity) and
grouped distinct clusters of these properties into fire regimes (e.g.,
Archibald et al., 2013; Pereira et al., 2022; Fan et al., 2023; Pias et al.,
2023; Garcia et al., 2022; Yang et al., 2023). Luo et al. (2017)
proposed that there is a humped relationship between fire
frequency and fire intensity, with the highest-intensity fires
occurring at intermediate levels of fire occurrence. This finding
presumably reflects the fact that frequent fires fragment the
landscape (Laurent et al., 2019) and reduce fuel load and fuel

continuity (Archibald et al., 2013; Luo et al., 2017), whereas
environments characterised by low fire frequency may have high
fuel loads but must inevitably be too wet to burn.

Only one study (Haas et al., 2022) has separately examined the
role of individual predictors on different aspects of the fire regime,
comparing the drivers of burnt area, fire size and fire intensity.
Starting from a common set of 16 predictors, that study showed that
some variables were important for one property but either had no
influence or had the opposite effect on the others. For example, both
annual GPP and the seasonality of dry days have a positive effect on
burnt area, but no influence on fire size and reduce fire intensity
(Figure 4). Overall, whereas burnt area is primarily driven by factors
influencing fuel availability and fuel dryness and is reduced by
landscape fragmentation, fire size is increased by factors promoting
fire spread such as wind speed but is also reduced by landscape
fragmentation. Fire intensity is primarily driven by tree cover; the
strong positive relationship with road density probably reflects
deforestation fires. These results are broadly compatible with the
emergent relationships between different fire properties shown in

FIGURE 3
Outcome of systematic variable selection, showing the initial variable included in themodel and themedian and range of the number of times it was
selected. The variables are: Vsoil3 – daily soil water volume in second layer (28–100 cm) (m3/m3), MinT–minimum daily temperature (°C),
MaxT–maximum daily temperature (°C), rail–total length of rail lines per km2 (km/km2), BROADLEAF–the fraction of broadleaf plants (%), powerline–total
length of powerlines per km2 (km/km2), drying–cumulated vapour pressure deficit in prior dry spell (Pa days), VPD_100d–mean vapour pressure
deficit over prior 100 days (Pa), PopDens–population density (people/km2), trail–total length of walking trails per km2 (km/km2), road–total length of
roads per km2 (km/km2), Vsoil1 – daily soil water volume in top layer (0–7 cm) (m3/m3), NEEDLELEAF–the fraction of needleleaf plants (%), GPP_
150d–Gross Primary Production in prior 150 days (µ gC/m2/s), Vsoil2– daily soil water volume in second layer (7–28 cm) (m3/m3), GPP_5y–Gross Primary
Production in prior 5 years (µ gC/m2/s), dd–prior dry days (<0.1 mm precipitation) (days), VPD_night–mean vapour pressure deficit in night-time (Pa),
GPP_10y–Gross Primary Production in prior 10 years (µ gC/m2/s), GPP_2y–Gross Primary Production in prior 2 years (µ gC/m2/s), sfcWind–surface
windspeed (m/s), CAPE–convective atmospheric potential energy (J/kg), elevation–elevation (m, dry_CAPE–convective atmospheric potential energy if
day is dry (J/kg), Vsoil1_365d–soil water volume in top layer (0–7 cm) averaged over prior 365 days (m3/m3), VRM–vector roughness metric (unitless),
VPD_10d–mean vapour pressure deficit over prior 10 days (Pa), VPD_31d–mean vapour pressure deficit over prior 31 days (Pa), solar_
insolation–downwelling shortwave solar radiation (J/m2/s), VPD–daily mean vapour pressure deficit (Pa), HERB–the fraction of herbaceous plants (%),
TREE–the fraction of forest (%), GPP_50d–Gross Primary Production in prior 50 days (µ gC/m2/s), alpha_mean–the average annual ratio of actual to
potential evapotranspiration (kg/kg), T–daily mean temperature (°C), CROP–the fraction of cropland (%), precip–daily precipitation (kg), SHRUB–the
fraction of shrubland (%), GPP_100d–Gross Primary Production in prior 100 days (µ gC/m2/s), RH–relative humidity (%), GPP_1y–Gross Primary
Production in prior 1 year (µ gC/m2/s), popDens_rural–population density clipped at 25 people per km2 (people/km2), snow_cover–snow cover fraction
(%), precip_5d–precipitation in prior 5 days (kg), DTR–diurnal temperature range (°C).
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previous studies. However, they have strong implications for
process-based fire modelling since they imply that changes in fire
properties could be decoupled under changed climates (Haas et al.,
2023; Haas et al., 2024) and so the processes underlying burnt area,
fire size and fire intensity need to be distinguished.

Lessons for fire science and modelling

Consistent patterns are emerging from empirical analyses that
are leading to an improved understanding of wildfire regimes and
their environmental controls. These provide a basis for improving
the treatment of wildfire in a modelling context. Here, we summarise
the lessons learnt from these empirical analyses about what factors
are important and suggest ways in which these lessons could be
incorporated into process-based models.

GPP consistently emerges as the most important control on
wildfires. Both total GPP and the seasonality of GPP have a positive
impact on burnt area. The influence of seasonality is consistent with
studies that show that antecedent GPP has an opposite effect from
the GPP during the wildfire season (Forkel et al., 2017; Kuhn-
Régnier et al., 2021): high GPP in the period before the fire season
means that fuel loads are high, whereas high GPP at the time of a fire
could only be sustained if climate conditions were favourable,
i.e., the fuel is likely too wet to burn. Studies that have included
measures of antecedent conditions have generally found them to be
important controls on wildfires. This is also consistent with the
negative impact of GPP on fire intensity. These various measures of
GPP appear to be reasonably good surrogates for fuel loads. Given
the limited field information available globally about fuel loads (see
e.g., Pettinari and Chuvieco, 2016; McNorton and Di Giuseppe,
2024), this suggests that GPP (or net primary production, NPP) can
usefully serve as a surrogate in a modelling context. However, this
means that it is important to ensure that the vegetation component
of process-based wildfire models simulate GPP (or NPP) accurately
to ensure an accurate simulation of wildfire regimes (Forkel
et al., 2019).

Vegetation cover emerges from the empirical analyses as an
important influence on wildfire, particularly the relative abundance
of trees versus herbaceous plants. The nature of the vegetation cover
is a crucial factor in influencing fuel continuity and fire spread.
Globally, grass-dominated landscapes tend to lower fire intensity but
produce more burnt area. However, empirical analyses that include
PFTs as predictors do not show that they have an influence on
wildfire properties. Many fire models have PFT-specific
parameterisations, but this arises largely because of inheriting the
PFT concept from the dynamic vegetation models used to provide
vegetation characteristics (Cranko Page et al., 2024). Since this
multiplies the number of, often poorly specified, parameters
needed, simplifying the linkages between vegetation properties
and wildfire processes would be useful. There are studies
suggesting that individual species are fire-promoting but, at the
scale of global modelling, it seems more likely that the traits which
promote fire spread, such as the presence of volatile oils or ladder-
fuel structure (Blauw et al., 2017; Popović et al., 2021; Rodman et al.,
2021; Chen et al., 2023a; Chen et al., 2023b), should be explicitly
represented in fire-enabled vegetation models.

The empirical analyses show that climatic variables that
influence atmospheric humidity, and hence fuel drying, such as
vapour pressure deficit (VPD) or the diurnal temperature range
consistently emerge as an important control on wildfires.
Precipitation, as such, is likely chiefly influential in so far as it is
a surrogate for the more direct influence of atmospheric humidity on
fuel drying. In studies that include precipitation and some measure
of atmospheric dryness, precipitation may also be a reflection of
direct fuel wetting. Soil moisture has been widely used in a modelling
context to account for fuel dryness, but empirical studies which have
tested this, or used aridity indices, indicate that these are not good
predictors. In the absence of explicit simulation of the fuel bed and
fuel moisture, models could replace soil moisture with
parameterisations based on climatic factors such as VPD, which
are more closely aligned to the process of fuel drying.

Empirical analyses indicate that ignitions are not a limiting
factor for wildfire occurrence at a global scale. Lightning is

FIGURE 4
Empirical analysis of the relative importance (as measured by t-values) of individual predictors for (A) burnt area, (B) fire size and (C) fire intensity.
Green represents variables related to vegetation properties, red represents variables related to climate, and purple represents natural and anthropogenic
variables related to landscape fragmentation. GPP, gross primary production; Popd, population densitiy; VRM, vector ruggedness measure: TPI,
topographic position index; DD, dry days; VPD, vapour pressure deficit; DTR, diurnal temperature range; Wind, windspeed; Light, Lightning; tree,
grass, shrub, crop are the fractional cover of each land type. Redrawn from Haas et al., (2022).
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important for ignitions in many ecosystems. Lightning initiates
ca 90% of wildfires in Siberia (Ivanov and Ivanova, 2010) and the
majority of fires in Alaska (Kasischke et al., 2010) and northern
Canada (Coogan et al., 2020). Changes in the incidence of
lightning have been associated with increases in wildfires in
these regions during the historical and recent past (e.g.,
Vachula et al., 2022; Veraverbeke et al., 2017). Nevertheless,
even in these regions, climate and vegetation factors that
influence fuel load and fuel drying play an important part in
determining the occurrence of wildfires. Given this, models that
prescribe anthropogenic and lightning ignitions, such as the
empirical model INFERNO (Mangeon et al., 2016) and
virtually all process-based models (Rabin et al., 2017), are
likely focusing on the wrong process. As the differences in the
prescribed relationships used by different models show
(Teckentrup et al., 2019), the relationships are also poorly
constrained. Most models use population density to
encapsulate both anthropogenic ignitions and (direct and
indirect) suppression (Rabin et al., 2017; Li et al., 2024), but
this conflates two distinct processes which are influenced by
different factors. Remote-sensed fire products are now available
at much higher resolution, and this means that they now capture
small fires, many of which are explicitly set for agricultural
purposes such as preparing fields or removing waste
(Millington et al., 2022). The use of total population density
as a measure of anthropogenic ignitions for both wildfires and
agricultural fires, ignores both differences between these two
types of fire and the complexity of the cultural uses of fire.

Empirical analyses do not support the hypotheses about human
impacts on wildfire currently embedded in process-based models.
The peaked relationship between burnt area and population density
used in many models (Rabin et al., 2017; Li et al., 2024) is an
emergent property of the system and not a causal mechanism
(Bistinas et al., 2014). Including other factors reflecting human
transformation of the landscape, such as road density for
example, transforms the relationship between burnt area and
population density from negative (Bistinas et al., 2014) to
positive (Haas et al., 2022). There have been attempts to provide
a more nuanced picture of human impacts, through the inclusion of
economic measures such as GDP (e.g., Mukunga et al., 2023), but
while these factors may influence the number of ignitions they rarely
turn out to be important predictors of other properties such as burnt
area and do not improve the predictions of wildfire regimes. Cultural
differences in human influence on fire (Pyne, 2014; Huffman, 2013;
Millington et al., 2022) need to be expressed in a way that takes
account of the intent and practice of deliberate and managed
burning. Separate treatments of wildfires and agricultural fires are
required in a modelling context, since their controls are
very different.

Fragmentation is important in limiting fire spread, and this is
reflected in the importance of factors such as crop cover and
population density, which are indirect measures of fragmentation
of the landscape, in the empirical analyses. However, a more
nuanced approach to measuring fragmentation is needed if this is
to be implemented in a modelling context. There is a growing
understanding that the impacts of fragmentation differ between
ecosystems (Armenteras et al., 2017; Harrison et al., 2021; Rosan
et al., 2022; Harrison et al., 2024), and that this can be broadly

explained in terms of the degree to which an ecosystem is adapted to
frequent fires or not. However, more systematic analyses are
required before these insights can be properly incorporated
into models.

Empirical analyses of the controls on wildfire need to be more
explicit about which processes are hypothesised to be controlled
by specific variables. This will ensure that the variables tested are
not redundant and/or acting on two different aspects of the
wildfire regime. It would also be useful to adopt more
systematic approaches to the evaluation of the inclusion/
exclusion of specific variables and their contributions.
Nevertheless, although there are gaps in our understanding of
the controls on wildfires, especially related to the role of humans
and the influence of landscape fragmentation, empirical analyses
at the global scale already provide insights that could be used to
improve process representations in process-based fire-vegetation
models. The most obvious improvements are to use variables
more closely aligned to the processes of generating fuel loads and
of fuel drying. Separating the treatment of different aspects of the
fire regime, most particularly by simulating fire intensity
separately from fire size and overall burnt area, would also be
a useful improvement. While the existing empirical models
themselves can be useful in projecting the response of
wildfires to future climate change (e.g., Haas et al., 2024),
improved process-based models will be necessary in the long
run to be able to examine feedbacks from fire to the
climate system.
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