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Abstract. Earth System Models (ESM)—have-struggled-toreproduce-the-historical-decline-ESMs) capture long-term historical
trends in burnt area, with-diserepaneies—targely-attributed-to-the-under-representation—of-but they struggle to reproduce the

ronounced decline observed over the past two decades, largely because anthropogenic fire suppression and related socio-economic

influences are not adequately represented. Key factors such as agricultural expansion, land-use changes, fire management
policies, and landscape fragmentation have all contributed to reduced fire activity, especially in tropical savannas, but these are
not adequately captured in the fire model formulation-that-underpins-formulations that underpin most ESMs.

This study investigates whether the observed downward trend in global burnt area during the period 1998-2016 can be
better represented in the JULES-INFERNO fire model by incorporating a simplified representation of direct human impacts
on fire. Specifically, we focus on the Human Development Index (HDI), which reflects socio-economic development and, in
turn, influences fire suppression efforts. By incorporating-implementing globally uniform assumption that anthropogenic fire
ignitions and suppression decline linearly with HDI into INFERNO, we aim to improve the representation of fire ignition and
suppression dynamics. Results-shew-thatinelading HDI-driven-

Including HDI-based socio-economic factors reduees-substantially reduces regional biases in annual burnt-area;partictlarky
i-burned area. In Temperate North America, for example, model bias decreases from +735.57 % to +44.46 %, with similarly

large reductions in Central America, and-Europe—While-including-HDPl-correctsregional-biasesit-also-introduces—a—globa
R T R ectonal-Hevel-are-addressed—Overall,-this-appreach-Southern Hemisphere South

America, Europe, and the Middle East. HDI also improves the representation of btrat-burned area trends in eight eut-of-of

Ll/l\g\l“- "3‘ REHain g ottneri—TreSpnere otth—Adme a—ana—1\orthern *‘"i“‘ A

sa-GFED4s regions that
exhibit significant negative trends in observations. However, correcting large positive regional biases removes compensatin



errors in the original configuration, resulting in a stronger global negative bias, shifting from -34.35 Mha to approximately
2111 Mha,

While HDI enhances regional performance and better captures recent downward trends in some areas, it introduces trade-offs,

including dampened interannual variability and underestimation of medium to large fire events. Overall, incorporating HDI

25 offers a computationally efficient way to represent socio-economic dimenstoninINFERNO-through-HDPIprovides-a-simple

Nevertheless, the linear and spatially uniform implementation remains a first-order approximation and cannot fully capture the
complex regional, cultural, and policy-driven dynamics shaping human—fire interactions.

30 1 Introduction

Globally, burnt area trends are influenced by complex interactions between climate change, human activities, and natural
ecosystem processes, resulting in large climate change and variability over the past few decades. However, the long-term trend
(e.g., 1997 - 2016) has shown an overall decline in global burnt area, especially driven by changes in burnt area of African
savannas and grasslands (decline of 1.27 % per year (Andela et al., 2017)). The trend, shown in Figure 1 b), is attributed to

35 changes in land use, particularly agricultural expansion and intensification in savanna and grassland regions, which reduces the
availability of fuel for fires (Riley et al., 2019; Andela et al., 2017).

In addition, fire is also actively used as a land management tool, for example to clear land for agriculture, manage vegetation,
and maintain pasture systems, particularly in tropical and subtropical landscapes.
Figure 1 illustrates the broad-scale spatial patterns and long-term trends of burnt area, fire weather, and the Human Development
40 Index (HDD).

Climate is a key factor that also influences fire activity

. Rising temperatures are leading to longer fire seasons, particularly in temperate and boreal regions (Sullivan et al., 2022;
Jones et al., 2024). Additionally, reduced rainfall during the critical phase of fire seasons increases the likelihood of large-scale
fires, while increased rainfall during certain times of the year can promote vegetation growth, providing more fuel for future

45 fires. However, while climate strongly influences inter-annual variability and is increasingly important for long-term trends,
particularly in temperate and boreal regions, human activity—such as land use change, agricultural expansion, and active

fire suppression—has been the dominant driver of long-term declines in global burnt area, especially in tropical savannas
Furthermore, human population density and prosperity can significantly impact burnt areas. (Andela et al., 2017) show that

50 due to population growth, socioeconomic development, and the increased demand for agricultural products in regional and
global markets, there has been a shift towards more capital-intensive agriculture, resulting in fewer and smaller fires. These
factors have a predictable impact on the use of fire, with a strong inverse correlation between the area burned and economic

development.
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Figure 1. Global distribution of a) Burnt area fraction —from the Global Fire Emission Database version 4 (GFED4s—) (%) total annual
average (1997 - 2016) and b) respective trend (% year 1), ¢) Fire Weather Index average-(FWI) average across 1997 - 2016 y-and d)
respective trend (year 1): e) Human Development Index average-(HDI) average across 1997 - 2016 )-and f) respective trend (year b,

The FWI maps represent long-term climatological averages intended to illustrate broad-scale spatial patterns and trends in fire-conducive
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In Coupled Model Intercomparison Project frameworks, fire processes are generally represented through simplified, global-scale

schemes that link burned area to vegetation, fuel availability, and climate conditions. Most models include ignition from
lightning and human sources, with fire spread and, flammability, and fuel continuity. These schemes capture broad spatio-temporal
patterns of fire but tend to not resolve fine-scale processes such as local suppression, management practices, or sub-grid fuel

The study by Li et al. (2024) shows that the Earth System Models (ESMs) used to provide state-of-the-art climate projections
for Phase 6 of the Coupled Model intercomparison-Intercomparison Project (CMIP6; Eyring et al. (2016)) fail-to-reproduce
the-do not reproduce the observed decline in global burned area and fire carbon emissions ebserved-over the past two decades.
Tey-They identify the primary reason-for-cause of this discrepancy as an underestimation of anthropogenic fire suppression

in fire-medels—Key-fire-enabled models (mathematical representation of a real-world system). This finding is consistent
with the data-driven analysis of Forkel et al. (2019), who quantitatively disentangled the relative contributions of climate and
human drivers of fire activity and demonstrated there is a strong sensitivity to climate variables, vegetation properties, and to

socio-economic variables.
Moreover, key human-driven factors——such as agricultural expansion, land-use ehangeschange, fire management policies,
and landscape fragmentation—have-—significantly—, have substantially reduced fire activity, particularly in tropical savannas

~ Andela et al., 2017; Forkel et al., 2019). However, most CMIP6 models do not adequately accountfor
represent these suppression mechanisms, resulting-in-leading to an overestimation of burned area and-trends and associated

fire-related carbon emissions.

Most global fire models, such as JULES-INFERNO (Mangeon et al., 2016; Burton et al., 2019), apply simplistic representations
of human ignitions, generally specified as a function of population density, increasing up to a threshold value after which there
are no additional ignitions with an increasing population (Rabin et al., 2017; Teckentrup et al., 2019; Ford et al., 2021). This
approach does not account for the impacts of socio-economic factors on anthropogenic fire ignitions or suppression. It also
does not capture how humans influence regional variation in contemporary burning practices.

This misrepresentation has important implications for climate projections and carbon cycle modelling, and emphasizes the
need for better integration of dynamic human influences on fire regimes, such as incorporating evolving socio-economic factors
(e.g., population growth, infrastructure expansion, and fire suppression strategies) into fire models (Li et al., 2024).

‘Fhe Human-DevelopmentindextHPHIn current global fire models, changes in fire activity are typically quantified through
a separation of climate-driven controls—such as fire weather, fuel moisture, and vegetation productivity—from anthropogenic
influences, which are commonly represented using simplified proxies such as population density or land-use change. As shown
by (Burton et al., 2024), this structural separation strongly shapes how models attribute historical and future changes in fire
activity to climate versus human drivers, and can lead to substantial differences in simulated fire responses when anthropogenic
processes are under-represented.

Accurately simulating fire is also essential for reliable climate projections, as fire and climate are coupled through two-way

feedbacks. Fire activity influences atmospheric composition, surface albedo, and land—carbon exchanges, while climate change

alters fire weather, fuel availability, and ignition conditions. Recent work by (Verjans et al., 2025) highlights the importance of




90 Thisfurtherunderscorethe needfor realistic re modellingwithin ESMs.

HDI is a composite measure that combines four key metrics: life expectancy at birth, expected years of schooling, average
years of schooling, and Gross National Income (GNI) per capita (Bhanojirao, 1991). These metrics are normalized by their
respective maximum values, and the HDI is calculated as the geometric mean of life expectancy, education, and GNI per capita.
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Additionally, Li et al. (2013) and Zou et al. (2019) investigated the use of Gross Domestic Product (GDP) to parametrise

human in uences onres—Howevertheirapproachnaslimited-to-agricultural res—anddid-notaccountfor-broaderhuma

115 and_re_occurrencethey offer a limited representatio

120 (Bowman et al., 2020)Fhis-demenstrated hesetrendshighlight the need for improved data collection etteraccurately
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Haas et al., 2024), this is increasingly urgent. Additionally, Nikolakis and Roberts (2022) examined how policy learning occurs

in wild re governance, focusing on how wild re policies in British Columbia have evolved. Their case study shows that policy

transfer from similar contexts, particularly Indigenous peoples and their governments, can reshape perceptions of wild re risk
and solutions as we adapt to an uncertain future. Similarly, Pandey et al. (2023) explored the complexity of socio-economic
factors on re and the varied re management policies worldwide, demonstrating that despite differences, these policies have

led to a gradual reduction in re occurrences and burned area over time.

Notably, Curt and Frejaville (2018) found that wild re policies in Mediterranean France have led to a nearly linear decrease
in the number of res since 1975, though the burnt area has uctuated more abruptly. Therefore, representing land and re
management policies in global re models is crucial to building con dence in the modelling frameworks which are used to
understand future climate regimes. This, in turn, can underpin decision-making by policy-makers in regards to re policy in
the future.

Nonetheless, how socio-economic factors impact on res is complex and dependent on many factors that are dif cult to
represent in an ESM context. These factors depend on policies implemented at government level, as well as cultural behaviour

representing these details.
Rather than attempting to capture the full complexity of socio-economic in uences on re, this study explores a simpli ed,

vary regionallywith resourcesandinfrastructure Processesuchas_ne-scale suppression

tactics,plannedburns, fuel managementandweather-drivenre extinctionare not explicitly representedWe use observed




In Section 2, we explore the relation between HDI and burnt area and describe the INFERNO re model, the coupling
of INFERNO to the latest representation of the land surface model (JULES-ES) as used in the UK's Earth System Model
160 (UKESMZ1), and how we include HDI into INFERNO's ignition scheme. In Section 3, we evaluate the impact of considering
HDI on burnt area, burnt area trends, as well as the impact of external model drivers of burnt area trends. Discussion and
conclusions from this work are presented in SectiprwHere we focus on novel model results, placing the link between
socio-economic factors and res in context with existing literature. Model limitations and known issues are also highlighted.

2 Methods

165 2.1 QhservedDatasets
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whereHy is thenormalisedife expectancyk . is the normalisedarithmeticmeanof the two educatiorindicesand! y is



and national-leveldat

190 sourcedfrom reputableinstitutionssuchasthe World Bank andthe CentralIntelligenceAgency World Factbook.The HDI

195 GlobalFire EmissionDatabasgersion4 (GFEDA4s)is along-runningoperationallyupdatecatasetisedglobally for_re_and

framework, the datasetfitself has beencontinuouslyupdatedto include_re emissionsup.to recentyears(e.g.,including

1997-2016).

200 performancen simulatingburntarea.This datasets providedasa griddedproductata0:25 resolution.It is derivedfrom a

205 The CanadiarFWI is a componenbf the CanadiarForestFire DangerRating System(CFFDRS)and providesa numerical

210 Thework developegy Vitolo et al. (2020)p

215 meteorologicatonditionsarerepresentativef 12:00noonlocal time aroundthe world,
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different ratesto changegn weather.Thesemoisturecodesare then combinedto_estimate re _behaviour,suchasthe rate

2.2 Relation between HDI and Burnt Area

As climate is a dominant factor in uencing re activity, it is essential to rst account for and remove climate change's in uence
before exploring the effects of socio-economic factors on burnt area. For this, and consideringfhatteathetndex(FWh

Theclimate-drivencomponendf burntareais thenestimatechs
éAi;j = i';:jWI t+ FJA (2)

To ensureconsistencyacrosour burntarearesults we de ne the burnt
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and 2). Nonetheless, the deweathered burnt area shows a strong positive comglatio| over the boreal regions of North
America and Siberia, as well as the Cerrado ecoregion of South America.

Multiple techniques are used to further investigate the relationship between HDI and burnt area. The scatter plot of the

of burnt area, the results show a wide range of values, spanning small to large relative burnt area fractions for any given HDI.

To account for this variability-and isolate the effects of HDI on burnt area, we applied a Bayesian Linear Regression method

loglog(BA ) BA o+ BA HDI @)
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