Imperial College
London

Empirical Investigation of Global Wildfire Drivers and

Development of a New Flammability Parametrisation
for the INFERNO Fire Model

Alexander Horst Ferdinand Kuhn-Régnier

February 2023

Imperial College London

Department of Physics

Submitted in part fulfilment of the requirements for the degree of
Doctor of Philosophy (PhD) of Imperial College London

and the Diploma of Imperial College London



Statement of Originality

All work presented herein is my own, with the exception of other work that is referenced as
appropriate. The work presented has been published in part in the following article:
Alexander Kuhn-Régnier, Apostolos Voulgarakis, Peer Nowack, Matthias Forkel, I. Colin
Prentice, and Sandy P. Harrison. The importance of antecedent vegetation and drought conditions
as global drivers of burnt area. Biogeosciences, 18(12):3861-79. June 2021. ISSN 1726-4170. doi:

10.5194 /bg-18-3861-2021.



Copyright Statement

The copyright of this thesis rests with the author. Unless otherwise indicated, its contents are
licensed under a Creative Commons Attribution-Non Commercial 4.0 International Licence (CC
BY-NC).

Under this licence, you may copy and redistribute the material in any medium or format.
You may also create and distribute modified versions of the work. This is on the condition that:
you credit the author and do not use it, or any derivative works, for a commercial purpose.

When reusing or sharing this work, ensure you make the licence terms clear to others by
naming the licence and linking to the licence text. Where a work has been adapted, you should
indicate that the work has been changed and describe those changes.

Please seek permission from the copyright holder for uses of this work that are not included

in this licence or permitted under UK Copyright Law.



Abstract

Wildfires have a significant impact on the Earth’s vegetation, atmospheric composition, and
climate. There is also growing evidence that fire behaviour has already been altered in response
to climate change. Given the anticipated increase in climate conditions conducive to wildfires
in many regions of the world, there is an urgent need to advance our understanding of the
drivers of wildfires and improve their representation in global Earth system models. Recognising
and predicting such responses to climate change and the associated feedbacks is one of the key
challenges of the field, and integrated vegetation—fire models have the potential to accomplish
this goal. However, the relationship between wildfire activity and past vegetation productivity is
still unclear. It has been hypothesised that this strongly contributes to the poor performance
of state-of-the-art fire models in representing observed vegetation—fire relationships. Thus, this
thesis examines the role of seasonal and long-term vegetation dynamics (and fuel accumulation
dynamics) that are of fundamental importance for global wildfires due to their impact on fuel
availability during the fire season. In addition to instantaneous climatic conditions, the seasonality
of antecedent vegetation and climate conditions controlling fuel build-up and fuel drying was
found to be important for the prediction of burnt area in an empirical analysis of wildfire drivers.
These were then used to modify the vegetation parametrisation of the INFERNO fire model. By
using sigmoidal relationships to explicitly consider antecedent vegetation and climate conditions,
global performance was improved. Finally, the new model was evaluated using sensitivity analyses,
demonstrating the overarching importance of dryness and temperature while also disentangling
the different impacts model parameters have on the magnitude and phase performance of the

new parametrisation.
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Chapter 1

Introduction

Wildfires are a significant natural disturbance with profound impacts on the Earth system,
affecting vegetation, atmospheric composition, and climate [Bowman et al., 2011, Voulgarakis
and Field, 2015, Andela et al., 2017, Lasslop et al., 2019]. Wildfires also affect humans both
indirectly and directly through their significant socioeconomic impacts in the form of loss of life
and property damage [Duff and Penman, 2021] and deterioration of health due to air quality
degradation [Johnston et al., 2012, Marlier et al., 2013, Johnston and Bowman, 2014, Johnston,
2017, Roberts and Wooster, 2021], amongst others. How fire regimes may change in the future
and how fire-related feedbacks may therefore influence climate and environmental changes are
growing concerns. Improving our understanding of the factors that influence wildfires and thereby
enhancing our ability to predict fire regime shifts due to global warming, is therefore a key goal

of this thesis.

This thesis first discusses the significance of wildfires and what drives them on a global scale.
Machine learning techniques are then used to explore the controls (drivers) of wildfires in an
empirical modelling framework. Thereafter, the insights gained from these analyses are used to
carry out an investigation into how fire drivers can be modelled computationally and how the
INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO) fire model can
be modified in order to improve wildfire predictions. Finally, multiple global sensitivity analysis

approaches are used to investigate the sensitivity of the improved fire model parametrisation to
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Figure 1.1: Overview of major fire impacts on the Earth system. Source: Fig. 1 from Ward et al.
[2012], licensed under CC BY 3.0.

different input data and parameters.

In this chapter, I will introduce the importance of wildfires along with their historical
significance. Additionally, the drivers of fire regimes (including human interactions), the data
needed to investigate wildfires, and how they can be modelled will be discussed. Finally, I will

present the structure of the remainder of the thesis.

1.1 Significance of wildfires

Wildfires are a naturally occurring process with global ecological and socioeconomic implications
(see Fig. 1.1). As will be discussed further below, they are responsible for a significant fraction of
inter-annual variability (IAV) of CO, and aerosol emissions [Keppel-Aleks et al., 2014, Voulgarakis
and Field, 2015, Voulgarakis et al., 2015] and are involved in shaping and maintaining the
distribution of vegetation types. It has been claimed that humans have used wildfires as a tool

for over 40000 years [Bowman et al., 2011, Scott, 2018], while the domestication of fire has been

20
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called “a defining trait of humanity” by Bowman et al. [2011].

Wildfires emit the equivalent of around 25 % of fossil fuel CO, emissions [Hantson et al., 2016].
However, post-fire vegetation regrowth can absorb the carbon initially emitted during wildfires.
As such, these emissions are usually reabsorbed within a “disturbance-recovery episode” [Yin
et al., 2020]. In such a dynamic equilibrium state, wildfires thereby contribute more to the
IAV of atmospheric CO, than to its overall concentration. The degree of reabsorption and its
timescale depend on the vegetation present, with savannahs and grasslands typically reabsorbing
the emitted carbon within the next growing season [Sommers et al., 2014], for example. However,
in the presence of land-use changes (e.g. from forested areas to grasslands), post-fire regrowth
may no longer be able to completely absorb the emitted carbon as fire regimes are affected. For
example, man-made fire use is currently implicated in the large-scale conversion of carbon-rich
forested areas to pastures or croplands that have a far lower potential to store carbon, thereby
altering the way in which emissions are reabsorbed during post-fire vegetation regrowth [Andela
et al., 2017]. Such land-use changes, which alter the terrestrial carbon sink, will then result in a

net increase in atmospheric greenhouse gas (GHG) levels [Andela et al., 2017].

Furthermore, wildfires alter the atmospheric composition by emitting other gases, e.g. carbon
monoxide (CO), nitrogen oxides (NO,), and non-methane volatile organic compounds (NMVOCs),
as well as aerosols like black carbon (BC) and organic carbon (OC) [Voulgarakis and Field,
2015, van der Werf et al., 2017]. Air pollution and climate are affected by emitted carbonaceous
compounds (BC, OC, CO, NMVOCs, and methane (CH,)), and NO,, NMVOCs, CO, and
methane also act as ozone precursors in the troposphere, thereby contributing to ozone levels

without their direct emission by fires themselves [Voulgarakis and Field, 2015].

The ecological impacts of fires include the maintenance of specific vegetation types. For
example, the dominance of fire-adapted C4 grasses in fire-prone savannah biomes has been
attributed to their high productivity in post-fire environments compared to C3 grasses [Robinson
et al., 1979, Bond et al., 2003, Tix and Charvat, 2005, Ratnam et al., 2011, Ripley et al., 2015].

This relatively easier regrowth allows C4 grasses to outcompete C3 grass species following a fire
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disturbance [Ripley et al., 2015]. The extent of this fire maintenance is such that it has been
estimated that global forest cover would roughly double in the absence of fire [Bond et al., 2005].
However, this is a model-dependent estimate, and more recent estimates using an ensemble of
four global vegetation—fire models from the fire model intercomparison project (FireMIP) have
shown that the reduction of tree cover due to fire may be up to around 40 % [Rabin et al., 2017,
Lasslop et al., 2020]. Wu et al. [2022] also carried out future simulations using the fire-enabled
LPJ-SEVER model—based on the LPJ-DGVM—to show that the decreasing fire trends that
are predicted under future demographic and climatic scenarios are expected to lead to increased
global woody encroachment (increase in globally averaged tree cover) by almost 5% compared to
a constant-fire scenario. Specific vegetation traits have also emerged as a response to wildfires
in other biomes, such as resprouting or the thicker bark of certain trees [e.g. Harrison et al.,
2021], a process that has been estimated to have occurred up to 100 million years ago during the

Cretaceous period [Scott, 2018].

1.2 Wildfire history

Fires have been present ever since plants established themselves on land [Scott, 2018], and
plant species diversification has gone hand in hand with the diversification of fire regimes in
the past. Future fire activity and the impact of fire-related feedbacks on the global climate and
environment are increasingly relevant owing to humanity’s increasing impact but are best viewed
within its historical context. As mentioned previously, humans have long used fire for a variety of
purposes ranging from hunting, fire regime management, and farming to cooking and metalwork,
amongst others. However, the human relationship with fire has seen dramatic changes over the
last thousands of years [Bowman et al., 2011]. According to the database of anthropogenic fire
impacts (DAFI) [Perkins et al., 2021], current anthropogenic fire usage is global and varied, with
uses ranging from prescribed burning (pyrome management) to agriculture (e.g. crop residue
burning) and arson.

Using evidence of fire over the past millennia, Marlon et al. [2008] and Wang et al. [2010]
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showed that fire activity has declined over the last century, likely caused by increased agricultural
land use, leading to reduced fuel loads and reduced fuel connectivity [Prentice, 2010]. This
decreasing trend in global burnt area (BA) may also be apparent throughout the last decades [van
Lierop et al., 2015, Doerr and Santin, 2016, Andela et al., 2017], based on remotely sensed BA
data like the global fire emissions database (GFED) [Giglio et al., 2013], although Forkel et al.
[2019Db] showed that the short observational time period that is currently available from such
remote sensing data significantly limits our ability to make robust claims about recent global BA

trends.

The aforementioned recent trend in global BA is far from being globally homogeneous,
however, with distinct patterns emerging depending on the region. For example, there is an
increasing trend in North American boreal BA, with more large fires and an increased proportion
of lightning ignitions compared to human ignitions [Kasischke and Turetsky, 2006]. Climate
change is likely responsible for drier conditions and resulting increases in the fire season length,
which consequently led to increased BA [Kasischke and Turetsky, 2006]. This is supported
by other studies, which found a potential positive feedback on further boreal BA and carbon
emissions as a result of the climate-change-induced increases in boreal BA [Oris et al., 2014,

Zheng et al., 2021].

Recent declines in BA in some regions have been explained as a consequence of human
activity through indirect and direct intervention [Martinez et al., 2009, Andela et al., 2017], albeit
modulated by climate and vegetation type [Forkel et al., 2019b]. In South America, empirical
analysis has demonstrated that the importance of anthropogenic factors, mostly the influence
of land conversion, outweighs climatic fire drivers [Aldersley et al., 2011]. Andela et al. [2017]
claimed that increasing agricultural activity, especially in African savannahs, has contributed
greatly to a decrease in global BA by 24.34+8.8 % between 1998 and 2015. With 64 % of global BA
occurring in Africa, it is of major global importance [Grégoire et al., 2012]. Land use conversion
to cropland in Africa has the effect of reducing BA because agricultural areas have lower fuel

levels for most of the growing season (sometimes no fuel at all), highly controlled fire use (often
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used sparingly to burn stubble and crop residue), and strong fire suppression [Grégoire et al.,
2012]. Compared to cropland, fires in natural vegetation also tend to be larger, as e.g. large fires

are expected in the open savannah regions of Africa [Grégoire et al., 2012].

The observed expansion of cropland and pasture conversion in the south American Amazonia
and Cerrado regions has been increasingly scrutinised, with fire-driven land-use conversion
starting in the late 1980s [see e.g. Davidson et al., 2012, van Marle et al., 2017a, Noojipady
et al., 2017, Zalles et al., 2019, Hong et al., 2021]. In addition to dry season wildfires, fire is
used for land clearing and pasture management [Artaxo et al., 2002, Davidson et al., 2012]. One
of the major drivers of the observed land-use change is the planting of soybean crops [Morton
et al., 2006, Gibbs et al., 2015, Fehlenberg et al., 2017, Zalles et al., 2019], with some studies
finding a correlation between forest clearance for intensive mechanised agriculture and soybean
prices [Morton et al., 2006]. Carbon loss from areas deforested for croplands may also be greater
than for pastures due to the rapid and complete removal of above-ground biomass (AGB) and
woody roots (using fire) and little to no carbon offset from subsequent crop planting [Morton
et al., 2006]. Due to increased anthropogenic fire suppression as a result of an increase in tropical
cropland area by almost 80 % and an increase in the tropical population by over 300 % from
the 1900s to the 2000s, human activities likely led to an overall decrease in tropical BA despite
increased deforestation rates in Amazonia since the 1970s [Houghton et al., 2000, Yang et al.,
2014]. And while an analysis of Amazonian deforestation dynamics between 2001 and 2014
revealed reduced deforestation rates overall, it was also found that the proportion of small

deforestation events increased [Kalamandeen et al., 2018].

However, Forkel et al. [2019b] demonstrated, using the fourth-generation global fire emissions
database (GFED4) and FireCCI50 satellite BA products, that the short observational time period
currently available for such satellite data significantly hampers our ability to make robust claims
about global burnt area trends from such data, since the sign and significance of the global BA
trend depend on the start and end dates chosen for the analysis. Also, while Andela et al. [2017]

reported similar trends for both the fourth-generation global fire emissions database with small
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fire boost (GFED4s) [Randerson et al., 2012, van der Werf et al., 2017] and MCD64A1 [Giglio
et al., 2018] datasets, such datasets may be subject to significant uncertainties (see e.g. Zhang

et al. [2018] for GFED4s), as discussed further in Section 1.4.1.

Human intervention can promote or suppress fire through ignitions, fuel management, and
landscape modification [Bowman et al., 2011]. Furthermore, humans indirectly influence fire
through their interference with global and regional climate. Direct human influence was found to
be the major driver of changes in fire regimes [Morgan et al., 2001] in recent decades [Martinez
et al., 2009, Andela et al., 2017]. Land use changes are also implicated in ignitions and suppression
dynamics (e.g. via agricultural abandonment and development [Martinez et al., 2009] or landscape
fragmentation [Archibald et al., 2009]). But the predominance of human influence on fire regimes
may change in the future as climate change affects fire regimes, and consequently, climate is
expected to play an ever-increasing role once again [Pechony and Shindell, 2010]. Using a
process-based fire model, Yang et al. [2014] corroborated these findings by predicting that, given
continued warming in the 21st century, climate may become more significant than anthropogenic
impacts with respect to wildfires in the extratropics [Yang et al., 2014]. A mainly temperature-
driven increase in conditions conducive to wildfires was also suggested by a number of regional
studies [e.g. Westerling, 2006, Barbero et al., 2015, van Oldenborgh et al., 2020, Goss et al.,
2020], with temperature extremes akin to those causing the massive 2019/20 Australian wildfires
having become more likely due to global warming by at least a factor of two [van Oldenborgh
et al., 2020]. On a global scale, Abatzoglou et al. [2019] showed that anthropogenic climate
change had led to an increase in fire weather over 22 % of the global burnable area by 2019, while
Jolly et al. [2015] found that anthropogenic climate change has led to a lengthening of the fire
season across more than a quarter of global vegetated land in recent decades. Increases in fire
weather are also predicted under different assumptions about levels of future warming [e.g. Bedia

et al., 2015, Bowman et al., 2017, Burton et al., 2018, Turco et al., 2018].

With extreme climate events seemingly becoming ever more common [Herring et al., 2015],

extreme wildfire events (e.g. in Australia [Sanderson and Fisher, 2020, van Oldenborgh et al.,
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Figure 1.2: Fire activity restrictions coloured according to the prevalence of three categories.
Human influence is shown in red and measured using the Night Light Development Index (NLDI),
a proxy for human development. Vegetation is shown in green and measured using a combination
of one-month precedent FAPAR and annual VOD, two vegetation proxies. Climatic influence,
shown in blue, is measured using the monthly number of wet days (WET) and the diurnal
temperature range (DTR). Bright colours indicate a restriction of burning. Colour combinations
indicate restriction combinations, with e.g. yellow indicating limitation by both humans and
vegetation. Source: Fig. 6f from Forkel et al. [2017], licensed under CC BY 3.0.

2020], Canada [Kirchmeier-Young et al., 2019], and the US [Yoon et al., 2015]) have recently been
increasingly scrutinised from a climate change perspective [Yoon et al., 2015]. Indeed, wildfires in
some areas of the world have increased, possibly as a result of global warming, thereby increasing

the damage caused as well as firefighting efforts and expenditures [Westerling, 2006].

1.3 Wildfire drivers

While most of the focus for future fires has been on climate factors, it is well-known that other
factors are important drivers too. Generally, the factors that influence the occurrence and intensity
of fires are the presence of an ignition source, vegetation properties that determine the fuel
quantity and quality, and weather conditions that promote fuel drying and fire spread [Bowman
et al., 2009, Krawchuk et al., 2009, Moritz et al., 2012, Knorr et al., 2014, Bistinas et al.,
2014, Forkel et al., 2017, 2019b, Jones et al., 2022]. Strong surface winds, dry fuel, and the
presence of an ignition source such as lightning create ideal wildfire conditions [Krawchuk and

Moritz, 2011]. Human activities are also implicated, either promoting or suppressing fire through
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ignitions, fuel management, and landscape modification [Bowman et al., 2011]. In all but the
most remote regions, natural lightning ignitions are usually insignificant [Jones et al., 2022].
While several regions, e.g. boreal regions or southeast Australia, do experience a significant
proportion of lightning ignitions, most do not, as e.g. tropical lightning typically coincides with wet
conditions [Jones et al., 2022]. The factors driving wildfires are strongly coupled to one another:
climate conditions influence the incidence of lightning and also the type of vegetation, while
wind strength and the impact of atmospheric conditions on drying are modulated by vegetation
cover [Harrison et al., 2021]. It is currently unclear how the increasing temperatures due to
climate change will impact lightning occurrence since the expected decrease in ice formation will
inhibit lightning, while the expected increase in convection rates would be expected to increase
it [Jones et al., 2022]. As such, the expected influence of climate change on lightning occurrence
currently remains model-dependent [Jones et al., 2022]. A representation of the resulting complex

variation of different contemporary controls on wildfire activity is shown in Fig. 1.2.

The relationships between ignitions, vegetation, and climate may depend on the timescales
involved: short-term drought promotes fuel drying and hence increases the risk of fire, but
longer-term drought conditions will reduce vegetation growth and fuel loads. These drivers may
also have different, at times antagonistic, effects on different aspects of the fire regime [Archibald
et al., 2009]. For example, human ignitions can, amongst others, affect the number of fires (e.g. for
southern California [Keeley et al., 1999]) and their seasonal distribution [Le Page et al., 2010,
Benali et al., 2017], while having little impact on fire spread and the total area burnt [Syphard
et al., 2007]. This is because depending on the region (e.g. in South Africa [Archibald et al.,
2009]), increased human settlement can increase land management, landscape fragmentation, and
fire suppression (especially at the wildland-urban interface (WUI) [Syphard et al., 2007]), which
then impedes fire spread, cancelling out the potential for increased BA due to the increased
number of ignitions. How frequently wildfires occur and how much area is burnt depends on many
factors, most notably the type of vegetation present, climate conditions such as the fuel moisture

and wind, the available biomass, anthropogenic interactions with fires, and natural ignition
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sources such as lightning [Krawchuk and Moritz, 2011, Moritz et al., 2012]. The differences
between controls on different aspects of fire regimes have also been demonstrated in a global
study by Haas et al. [2022]. They used generalised linear models (GLMs) to analyse BA, fire
spread, and fire radiative power (FRP) together with a range of possible wildfire drivers to
find that BA is predominantly driven by fuel availability and dryness and ignitions while being
constrained by landscape fragmentation. As expected, they found fire size to be driven by
conditions that promote fire spread, such as wind speed and dryness (as measured by the diurnal
temperature range (DTR) and vapour pressure deficit (VPD)), while also being limited by
landscape fragmentation. This limiting influence of VPD is expected, as it has been found to
limit plant growth [Fu et al., 2022]. Fire intensity was found to be driven by fractional tree
cover and road density and constrained by fuel moisture (as measured by VPD and dry-day

period (DD)) and ignitions.

1.3.1 Fuel

The tendency to burn is significantly affected by fuel characteristics such as fuel type, amount,
and arrangement [Archibald et al., 2009]. Fuel can be defined as organic matter that is available
for ignition and later combustion [Keane et al., 2001]. Its characteristics can be highly variable,
with fuel types ranging from aerial crown fuels to surface fuels, with both dead and live fuel
potentially playing a role in combustion [Keane et al., 2001]. Since the litter layer is where
most fires are initiated, its wetting and drying are particularly important [Venevsky et al., 2002].
Smouldering fires in peat also play a large role in certain regions [Turetsky et al., 2011, Sommers
et al., 2014, Huijnen et al., 2016, Atwood et al., 2016, van der Werf et al., 2017, Scholten et al.,
2021].

Along with the varying types of fuel, its properties, such as shape, size, and density—influenced
by vegetation, weather, and humans—in turn affect fire spread, in addition to how rapidly fuel
dries out and becomes combustible. Antecedent weather conditions in the weeks to years before

fire events can determine fuel availability [van Oldenborgh et al., 2020] and hence fire occurrence
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and extent, as the accumulation of fuel over time will influence fire intensity. However, the effect
of antecedent weather conditions on BA may depend on the types of vegetation present (which
influence whether fuel drying or accumulation is most important): antecedent precipitation will
increase BA in fuel-limited regions but decrease BA in regions where fuel drying is the major
control [Littell et al., 2009, Abatzoglou and Kolden, 2013, Alvarado et al., 2020]. Moreover,
human impacts on fuel structure are currently not well-understood [Archibald et al., 2018].
Prediction of BA, a key goal of this thesis, will require an understanding of the timescales of fuel
accumulation, the interaction between biophysical drivers and fuel build-up, and the effects of
antecedent weather conditions on both fuel loads and fuel drying. While it has been observed
that catastrophic mega-fires are becoming more common following human fire exclusion and
the resulting fuel build-up on decadal timescales or longer [e.g. in the USA; Marlon et al., 2012,
Higuera et al., 2015, Parks et al., 2015], an empirical analysis will necessarily be focused on
approximately yearly timescales of fuel build-up since the currently available global observational
record cannot capture the decadal-or-longer fire return intervals (FRIs) observed e.g. in temperate

or boreal forests.

1.3.2 Fire regimes

The type of fire determines the effects on vegetation, with changing fire sizes and frequencies
(FRI) affecting contemporary vegetation structures [Andela et al., 2017]. Such effects differ
both temporally and spatially. Small fires can trigger gap dynamics on a local scale while also
opening canopies, whereas the expression of fire-related trait syndromes is strongly controlled
by the occurrence and nature of large fires [Harrison et al., 2021]. Thus, the prevalence of
wildfires is also implicated in the maintenance of specific vegetation types, notably savannahs
and grasslands [Bowman et al., 2011]. Such landscapes are home to fire-adapted plants, e.g. with
fire-promoted germination or a large proportion of biomass below ground and thereby shielded
from the heat of frequent fires [Pausas et al., 2018, Simpson et al., 2019]. Vegetation structure

is also influenced by wildfires, with some plant species evolving to display increased resilience
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to fire disturbance using fire-dependent seed germination to enable post-fire regeneration, for

example [Paula and Pausas, 2008, Moreira et al., 2010].

Wildfires can be categorised into fire regimes based on their frequency (FRI), size (BA),
intensity (fuel consumption), and the season they occur in [Morgan et al., 2001, Moritz, 2003,
Bond and Keeley, 2005, Whitlock et al., 2010, Archibald et al., 2013, Hempson et al., 2018].
Fire regimes (pyromes) are not necessarily related to their underlying vegetation (biomes),
however [Archibald et al., 2013]. Therefore, changes in vegetation may not be directly linked to
changes in fire regimes. At least in part, this perhaps counter-intuitive decoupling may be due to
human influences that both act to delineate pyromes while also forming an entirely separate global
pyrome that is present across vegetation types and climate zones [Archibald et al., 2013]. This
separate pyrome is marked by small fires, likely as a result of physical barriers to fire spread that
are created by man-made landscape changes [Archibald et al., 2013]. Additionally, the presence
of alternative stable states may also contribute to this, i.e. the presence of different vegetation
such as forest or fire-maintained grassland under the same climatic conditions primarily due to
different disturbance histories [Bond et al., 2005, Archibald et al., 2009]. For example, sharp
forest-savannah transitions have been explained using this approach [Staver et al., 2011, van
Nes et al., 2018, Pausas and Bond, 2020]. While there is some disagreement over how widely
applicable this concept is, with edaphic properties being a potential alternative explanation [e.g.
Veenendaal et al., 2018], it is generally agreed that positive feedbacks between vegetation and

fire exist, leading to sharper vegetation transitions as a result [Harrison et al., 2021].

These findings complicate the straightforward modelling of fire using only instantaneous
biophysical properties. Harrison et al. [2021] argue that, in addition to the enduring importance
of enhancing our understanding of the relationships that link vegetation to fuel build-up and
drying, improved fire models should take greater advantage of our current understanding of fire

ecology.
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Figure 1.3: Simulated and predicted contemporary (2002-2012) burnt fraction. The combined
observations (a) are the mean observations from the following BA datasets: GFED4, GFED4s,
MCD45, FireCCI40, and FireCCI51. Stippled regions have a variance between all BA datasets
less than the observed mean. Source: Fig. 2 from Hantson et al. [2020], licensed under CC BY
4.0.
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1.4 Data

Data required for the study of wildfires include data about fire activity and its drivers, such as
climate, weather, vegetation, and fuel, amongst others. Contemporary data are usually based on
satellite data (remotely sensed), which are often combined with local measurements and climate
models in a step known as reanalysis [see e.g. Zeng et al., 2015, Copernicus Climate Change
Service (C3S), 2017, Hersbach et al., 2020], in order to yield global estimates of key properties.
However, satellite observations have only been available for a few decades, meaning that other
means must be used to investigate fires further into the past (e.g. using tree rings and charcoal

records), with investigations of future fires relying on climate model predictions.

While palaeofire reconstructions will not be used here, they provide a useful context for more
contemporary data sources and analysis of long-term carbon sinks. Past fire activity may be
inferred both quantitatively and qualitatively from multiple sources (e.g. tree rings, archaeology,
or written records) [Bowman et al., 2011]. However, analysis of sedimentary charcoal is the most
widely used technique to reconstruct high-resolution fire activity across millennia [Iglesias et al.,
2015]. Charcoal particles are formed during wildfires as a result of incomplete combustion before
being preserved in sediments. Most recently, global palaeofire data based on charcoal records
have been collated in the Reading Palaeofire Database (RPD), which contains 1382 records
spanning the past 22000 years with at least a resolution of 1000 years [Harrison et al., 2022].
However, despite the recent growth in the number of records, there exists a spatial bias towards
the northern extratropics [Harrison et al., 2022]. Dry regions are also under-represented due to
their general lack of suitable conditions for the preservation of charcoal [Leys et al., 2018, Harrison
et al., 2022]. There are also multiple processes that influence the production of charcoal, its
transport, and finally, its deposition. Thus, the area within which charcoal originates depends on
the size of the charcoal particles; more localised analyses are possible using larger macrocharcoal
particles that do not undergo widespread transport mechanisms to the same extent as smaller

particles [Iglesias et al., 2015, Marlon et al., 2016, Graves et al., 2019].
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1.4.1 Remotely sensed BA datasets

BA observations for the present day are predominantly based on remotely sensed reflectance
(vegetation index) changes of the terrestrial surface [Chuvieco et al., 2019]. Along with active
fire (AF) observations, which are derived from the thermal energy emitted by fires that burn at
the time of satellite overpass, remotely sensed fire data allow the quantification of global BA
(see e.g. Fig. 1.3a) and the energy released by individual fires [Wooster et al., 2021], as well as
longer-term properties such as the FRI if observations are available for a long enough time period

(which they generally are not, however).

While ground-based wildfire observations may be available for a longer time period than
satellite observations for certain locations (e.g. local fire records between 1941-1996 in Kruger
National Park in South Africa [Van Wilgen et al., 2000]), the key advantages of remotely
sensed data are that all observations are made using the same instrument (thereby eliminating
discrepancies that may result from location-specific monitoring techniques) and the fact that

satellites may attain global coverage.

Remotely sensed global BA products have been produced for over two decades. The first
such products include GBA-2000 [Tansey et al., 2004], GLOBSCAR [Simon et al., 2004], Glob-
carbon [Plummer et al., 2006], and L3JRC [Tansey et al., 2008]. While BA products have also
been created based on the Advanced Very High Resolution Radiometer (AVHRR) sensor, which
was first launched in 1978 and provides global daily coverage (albeit at a relatively coarse spatial
resolution), combining such products with current MODIS-based BA products is inherently
problematic due to temporal artefacts caused by e.g. orbital drift [Giglio and Roy, 2020]. The
first such NASA MODIS BA product was the MCD45 product [Roy et al., 2008]. This has
now been superseded by the collection 6 MCD64A1 product [Giglio et al., 2018], the previous
collection 5.1 (C5.1) version of which was used as the basis for the often-used GFED4 BA
product [Giglio et al., 2013]. ESA Climate Change Initiative (CCI) BA products have also been
released, based both on the Medium Resolution Imaging Spectrometer (MERIS) (FireCCI31,

FireCCI41) [Alonso-Canas and Chuvieco, 2015] and MODIS (FireCCI50) sensors [Chuvieco et al.,

33



2018]. Multiple distinct BA estimates may be calculated despite using the same underlying data

(e.g. MODIS data) due to algorithmic differences, as will be illustrated further below.

Despite the advantages of global remotely sensed (satellite) wildfire datasets, they also suffer
from several issues, including low temporal coverage (e.g. MODIS data are only available starting
in 2000), low inter-dataset agreement, and spurious handling of small fires [Zhang et al., 2018].
The use of different algorithms and satellite sensors also leads to discrepancies between remotely
sensed wildfire datasets, even if the same underlying data from the same sensor are used (see

e.g. [Hantson et al., 2016, Humber et al., 2019]).

Small fires, in particular, may present a significant contribution, with an increasing proportion
of small-scale deforestation events in the Amazon region [Kalamandeen et al., 2018], a 37 % increase
in global BA when small fires were estimated using AF data in the GFED4s dataset [Randerson
et al., 2012, van der Werf et al., 2017], and an up to 120 % increase in estimated Sub-Saharan
African BA compared to MODIS BA using Sentinel-2 observations and Visible Infrared Imaging
Radiometer Suite (VIIRS) AF data [Chuvieco et al., 2022]. However, while the use of AF data to
capture the area burnt by small fires in the GFED4s dataset has the potential to better capture
global patterns of burning, it has also been found to be affected by multiple errors, including
timing inaccuracies and false positives [Zhang et al., 2018], thus introducing additional flaws to
the GFED4 dataset underlying the GFED4s dataset. Since small fires are often not detected by
satellites [Roteta et al., 2019, Chuvieco et al., 2022], areas with a large number of small fires could
exhibit a disproportionately smaller average BA compared to regions with a relative abundance
of larger fires. As global ground-based measurements are not readily available [Keane et al., 2001,

Mangeon, 2017], it is also hard to judge the overall accuracy of these remotely sensed datasets.

Validation of BA products based on high-resolution images [Boschetti et al., 2009], commonly
Landsat images [e.g. Tansey et al., 2008, Roy and Boschetti, 2009, Bastarrika et al., 2011, Hantson
et al., 2013, Padilla et al., 2014a,b, Aradjo and Ferreira, 2015, Padilla et al., 2015, Boschetti et al.,
2016, Roteta et al., 2019, Humber et al., 2019, Roy et al., 2019], has the potential to remedy this,

since more small fires may be observed using such products compared to e.g. coarser MODIS-
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based BA products. In many regions, especially those with a high proportion of relatively small
fires (i.e. <100 ha [Roteta et al., 2019], e.g. agricultural), validating MODIS- or MERIS-based
BA products against Landsat imagery reveals large omission errors, since these products are not
able to detect small fires (see e.g. [Hantson et al., 2013, Padilla et al., 2014b, Aratjo and Ferreira,

2015]), with some studies reporting omission errors as high as 72 % [Padilla et al., 2014b].

Based on their development of high-resolution BA datasets for sub-Saharan Africa, both
Roteta et al. [2019] and Chuvieco et al. [2022] predicted that global BA estimates should increase
with the detail (i.e. resolution) of remotely sensed BA products since this should increase the
number of small fires that can be detected (see also [Roy et al., 2019]). Both their products were
able to capture at least 80 % more BA than the MODIS MCD64A1 dataset through the use of
the Sentinel-2 sensor with 20 m pixels, compared to the 250-500 m pixels used by MODIS. The
trade-off incurred by this higher resolution (and the resulting increased ability to detect small
fires) is that, per Sentinel-2 satellite, images are only available every 10 days, while MODIS
images are available daily. Note, however, that combining data from the two Sentinel-2 satellites
improves the revisit interval to 5 days [Chuvieco et al., 2022]. Sufficiently small revisit intervals
are especially important in tropical ecosystems, where there is frequent cloud cover, and post-fire
reflectance changes are relatively short-lived [Roteta et al., 2019]. Persistent cloud cover coupled
with fast regeneration of vegetation could therefore prevent the detection of the reflectance

changes necessary to measure BA.

While Landsat data can capture smaller fires than MODIS, it has a 16-day repeat cycle,
making cloud coverage and temporal accuracy a hindrance to the development of purely Landsat-
based global BA products [Boschetti et al., 2015, Hawbaker et al., 2017, Roy et al., 2019].
However, by combining Sentinel-2 and Landsat observations, Li and Roy [2017] achieved median
average revisit intervals of just 2.9 days, thereby approaching the daily resolution afforded by
MODIS [Roy et al., 2019]. Notwithstanding these improvements, the challenge of validating such
a BA dataset at its high spatial resolution remains since it is difficult to obtain the necessary

independent data [Boschetti et al., 2009, Roy et al., 2019].
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Note that in addition to the difficulty of observing small fires, Mangeon et al. [2016a] estimated
that in some regions, up to 50 % of the BA in intense wildfire events may not be captured by
remotely sensed datasets. However, these disagreements were likely a product of the different
methods used to ascertain BA when comparing ground-based to remotely sensed observations,
with unburnt patches of land in central regions of the fire, in particular, being difficult to survey

from the ground without resorting to costly aircraft surveillance [Mangeon et al., 2016a).

These issues present a major challenge for empirical analyses of wildfire drivers, as the derived
relationships may not be consistent when comparing small and large fires. The fact that the
latter are detected much more easily and thus more frequently in global datasets (like GFEDA4)
implies that relationships inferred from remotely sensed wildfire datasets are likely unable to
represent the full spectrum of fire regimes, with the results being biased towards regions with
more large fire events, where omission errors have been shown to be the lowest [Padilla et al.,

2014b)].

1.4.2 Fuel observations

Observation and mapping of fuel characteristics are complicated by the cost of local reconnaissance
efforts and the imperfections of remotely sensed fuel datasets and modelling approaches [Keane
et al., 2001]. With field data on fuel loads therefore being sparse, the only global fuel dataset [Pet-
tinari and Chuvieco, 2016] is based on extrapolating scattered field measurements by biome.
Especially concealment of the ground by the canopy [Roberts et al., 2018] or confusion of canopy-
level fuel with downed fuel can negatively affect the quality of remotely sensed datasets such as
fuel and landcover measurements (the latter may be used as a proxy for fuel datasets) [Keane
et al., 2001]. These problems also affect other datasets reliant on observing the ground, such
as soil moisture or AF retrievals [Roberts et al., 2018, Wooster et al., 2021], which are often of
poor quality in heavily forested regions. While remotely sensed fuel datasets are unlikely to be
helpful for local, small-scale firefighting efforts [Keane et al., 2001], they may, however, be more

appropriate for large-scale studies such as the one considered herein [Archibald et al., 2009]. In
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addition to spatial variability as a result of inhomogeneous vegetation, weather, and climate
conditions, fuel loads can also vary on short timescales. Fuel loading (litter) on the floor can be

altered by up to a factor of three due to strong wind or snow events [Keane et al., 2001].

1.5 Fire—vegetation models

There are numerous fire models with different complexities, usually falling into one of three
categories: process-based, empirical (statistical modelling), or a mixture of the two, where
statistical parametrisations are used for some but not all processes [Perry, 1998, Hantson et al.,
2016]. The key difference between these modelling approaches is their representation of the
underlying processes that drive fire activity: while process-based models explicitly account
for these, empirical models approximate their resulting outcomes using averaged responses to
relevant variables, e.g. temperature and precipitation for biophysical processes [Hantson et al.,
2016]. These approaches can also be referred to as “top-down” (empirical) and “bottom-up”
(process-based) [Hantson et al., 2016].

For example, aggregate anthropogenic influences on fire activity, one of the most uncertain
aspects of fire modelling [Forkel et al., 2019a], are currently represented using empirical parametri-
sations in most fire models. Such parametrisations rely on relationships between the number of
ignitions and the population density (POPD) or Human Development Index (HDI) in a given
grid cell, for example [Teixeira et al., 2021]. This is contrary to more explicit representations of
human impacts like agent-based models wherein the interactions between agents (e.g. farmers)
and fire are influenced by their interactions with other agents, laws, the economy, and how they
perceive the state of the environment that is simulated in their vicinity [Ford et al., 2021]. A
simplified example of such a scheme is found in Pfeiffer et al. [2013], where the relationship
between anthropogenic ignitions and POPD depends on the prevailing human economic system,
which can be one of the following three: hunter-gatherer, pastoralists, and farmers.

Fire models have been used traditionally for a long time to aid local fire management

efforts [Andrews et al., 2003]. However, recent decades have seen increased interest in the
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creation of larger-scale fire models designed for incorporation into Earth system models (ESMs)
in order to better understand and predict our changing climate by improving our understanding
of land-atmosphere feedbacks. Fire models have also been used to facilitate global studies of fire
patterns before the advent of global remotely sensed fire data (i.e. the 1980s), by using climate
data and fire-related biophysical variables to estimate past (and future) fire activity [Yang et al.,
2014]. But fire models differ not only in their spatial scales but also in their temporal scales, with
fire spread models used operationally with local weather operating on timesteps much shorter
than 1 day [see e.g. Schumaker et al., 2022, for a recent example], while global models generally

use large-scale average weather to estimate daily to annual fire risk, rather than fire spread.

Predicting the impact of changes in climate, resulting changes in vegetation, and human
activities on fire regimes is complicated due to the numerous drivers and the feedbacks between
them that need to be considered. Coupled fire-vegetation models can be used to estimate changes
in large-scale fire regimes [see e.g. Kloster et al., 2012, Knorr et al., 2016] and explore how these
may in turn affect regional vegetation since the aforementioned feedbacks can be represented in
such models. Although several coupled fire-vegetation models have recently been developed, there
are large differences in their predictions [Hantson et al., 2016, Forkel et al., 2019a, Teckentrup
et al., 2019]. With the exception of LPJ-GUESS-SIMFIRE-BLAZE, recent decreases in global
BA are generally not reproduced by fire models [Andela et al., 2017]. Furthermore, differences
in model structure and parametrisation [Hantson et al., 2016] make it hard to discern whether
correct simulations of modern fire regimes are indeed due to an accurate representation of the
real underlying processes that control wildfires in nature. The model structure and the way that
the underlying physics is treated [Perry, 1998] are also dependent on the spatial and temporal
scales of interest. For example, small-scale topography and its effects on individual fires are
unlikely to have an impact on larger scales (e.g. 100 km) [Archibald et al., 2009], while the effects
of terrain heterogeneity as an agent of landscape fragmentation do have an impact [Archibald
et al., 2009, Haas et al., 2022]. Similarly, the coarse-scale 0.5° grid cell analysis carried out by

Haas et al. [2022] showed that mean monthly wind speed promotes fire spread but inhibits BA.
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This supports the earlier findings of Lasslop et al. [2015], who found no evidence for a positive
global relationship between wind speed and BA beyond a relatively low wind speed threshold of
roughly 2-3ms~!. This may be due to the lack of human ignitions when wind speeds are high
and conditions are conducive to fire spread to avoid escaped fires (see also [Magi et al., 2012]) or
effects of wind on vegetation and fuel structure that could not be included in the analysis [Lasslop
et al., 2015]. Understanding such discrepancies between observations and models, but also
between models themselves (see Fig. 1.7), is the goal of the FireMIP project [Hantson et al.,

2016, Rabin et al., 2017, Hantson et al., 2020].

1.5.1 The INFERNO model

The INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO) model
employs simple parametrisations for predictions meant for application to decadal timescales or
longer and was introduced by Mangeon et al. [2016b]. INFERNO was chosen for analysis in this
thesis because it is an empirical fire model with a parsimonious approach to its driving variables.

For example, it foregoes any representation of the influence of wind in favour of using a typical
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BA for each plant functional type (PFT), as well as assuming that BA depends on the number of
ignitions and a PFT-specific flammability (see Fig. 1.5). This not only agrees with the findings of
Lasslop et al. [2015] and Haas et al. [2022] but also allows for a more straightforward adjustment

of the relationships used within the model.

In contrast to the majority of FireMIP models (see Fig. 1.4), this parametrisation circumvents
the use of wind (gusts) to model fire spread. At the large spatial scales of global ESMs, such as
the 1.875° x 1.25° resolution INFERNO was developed for, wind [Lasslop et al., 2015, Haas et al.,
2022], topography [Archibald et al., 2009], and similar smaller-scale influences, like vegetation
gap dynamics, are not expected to be the most relevant, and are therefore not explicitly modelled
within INFERNO. This simplification also reduces computational requirements, facilitating
coupling into an ESM which may be required to run over long periods. Despite its parsimonious
approach, INFERNO performs as well as process-based models on the coarse scales investigated
by Hantson et al. [2020].

Examples of empirical models besides INFERNO include the simple global fire model
(SIMFIRE) introduced in Knorr et al. [2014], which uses a flexible parametrisation based
on the logistic function to calculate fire frequency based on anthropogenic influence, fraction of
absorbed photosynthetically active radiation (FAPAR), and the Nesterov index. The empirical
GLOBal FIRe Model (Glob-FIRM) proposed by Thonicke et al. [2001], one of the first global fire
models, uses a parametrisation based around the fire season length in a given fire year (based
itself on fuel moisture, i.e. upper soil moisture, and the moisture of extinction) to estimate annual
BA. Predating the widespread use of remotely sensed BA datasets, this approach also featured

calibration using site-based observations.

1.5.1.1 Calculation of BA in INFERNO

The Joint UK Land Environment Simulator (JULES) is a community land surface model (LSM)
based on the Met Office Surface Exchange Scheme (MOSES) [Best et al., 2011, Clark et al.,

2011], able to represent a wide range of processes relating to vegetation or soil properties, for
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Figure 1.6: The fire-related linkages between different components of the UKESM. Flammability
and fuel loads, along with the PFTs present in a grid cell and the number of ignitions, combine
to yield BA. Soil carbon pools within the JULES land surface model are shown to inform fuel
loads, with fire disturbance (BA) feeding back explicitly to JULES [Burton et al., 2019]. Fire
emissions are also shown to impact the unified model (UM; atmospheric model) [Teixeira et al.,
2021]. Lightning from the UKCA model is shown to influence ignitions. Adapted from Kelley
et al. [2020] and [Mangeon et al., 2016b].

example. It can be forced by observations or coupled to an atmospheric model [Best et al., 2011]
(e.g. within the UK Earth System Model (UKESM)). Vegetation properties are provided by
JULES, and the coupled JULES-INFERNO model is run on individual grid cells. For each PFT
in a grid cell, INFERNO determines BA using the product of the estimated number of fires and
a typical BA per fire. As shown in Fig. 1.6, JULES and INFERNO are coupled by the influence
that vegetation has on fuel loads and, conversely, the impact of fire disturbance on vegetation
cover and soil carbon stocks [Burton et al., 2019]. Both live and dead fuel, meteorology, and

ignitions influence BA, which then affects vegetation disturbance, soil carbon, and emissions.

The number of fires is the product of the number of ignitions and a combination of flammability
and fuel load, both of which are PFT-specific. The number of ignitions is calculated for each

grid cell and shared between PFTs according to one of three modes:
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1. Constant, ubiquitous ignitions: 1.67 ignitions km~2? month™?.

2. Constant human ignitions (and suppressions) at 1.5ignitions km ™2 month™! in addition to
variable cloud-ground (CG) lightning strikes, every one of which is assumed to cause a fire.

3. Following Venevsky et al. [2002], in addition to variable CG lightning strikes as above,
variable human influence may be prescribed using an external dataset, with effective
ignitions dependent on POPD and HDI [Teixeira et al., 2021]. Potential anthropogenic
ignitions increase with POPD and decrease with HDI. Finally, the fraction of fires that are

not suppressed by humans decreases with both POPD (exponentially) and HDI (linearly).

,

e e 2RFLppr(1 — 0) for RHy, < RH
RH - RH
Fppr = Qex - loW o 2Rp1 (1 ) for RH RH < RH (1.1)
e Ry — RHlowe PFT( ) for RHioy < up
0 for RHjo > RH

Each PFT is assigned a fuel load (FLppr) and flammability (Fppr, Eq. (1.1), from Mangeon
et al. [2016b, Eq. (6)]) (see also Fig. 1.6). Flammability is determined by monthly averages
of meteorological variables that are given to INFERNO via JULES: relative humidity (RH),
precipitation (R in Eq. (1.1)), soil moisture (6 in Eq. (1.1)), and temperature (which determines
the saturation vapour pressure, €* in Eq. (1.1)). The fuel load depends on the amount of carbon
contained in two soil carbon pools and above-ground leaf carbon, which are both simulated by
JULES, with the amount of simulated leaf carbon being PFT-dependent. These decomposable
plant material (DPM) and resistant plant material (RPM) carbon pools are shared amongst
all PFTs, with the litter carbon flux (leaf, stem, and root carbon) from all JULES vegetation
feeding into them in PFT-specific proportions [Clark et al., 2011]; for example, trees yield a
higher proportion of resistant litter input than grasses. Both pools are intended to be used as
flammable litter proxies [Burton et al., 2019]. The DPM pool is assumed to be 70 % accessible

for consumption by fires (i.e. close to the surface).

A key simplification employed by the model is the usage of a prescribed constant PFT-specific

BA per fire: 0.6km?fire™! is used for all tree PFTs, 1.4km? fire~! for all grass PFTs, and
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1.2km? fire ™! for all shrub PFTs.

Fuel build-up and the effect of antecedent conditions are represented by a combination of
processes. The soil carbon pools accumulate carbon over time while also losing it via respiration.
This accumulation of fuel is affected by antecedent vegetation disturbance, e.g. burning, as
well as antecedent meteorological conditions and the modelled leaf and vegetation phenology.
Furthermore, since INFERNO uses monthly averages of certain meteorological quantities, the
antecedent conditions of these variables are used by definition. Precipitation, evapotranspiration,
and runoff processes dictate the modelled soil moisture. The effect of antecedent precipitation
on fuel moisture is represented using the top layer (up to 0.1 m depth) unfrozen soil moisture,

where increasing fuel moisture leads to a decreasing amount of fire.

1.5.2 Model evaluation

Comparisons of FireMIP models have yielded important insights into the performance of state-
of-the-art fire models. Andela et al. [2017] found that the models tend to struggle to predict the
observed trend in BA, as well as the observed mean global BA. As stated previously, however,
the uncertainty caused by the short observational record for satellite BA data (see [Forkel et al.,

2019b]) currently prevents us from confidently stating which of the tested models performed
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Figure 1.8: Seasonality of simulated and observed BA for 2002-2012. The black line indicates the
mean of the remotely sensed BA datasets (GFED4, GFED4s, MCD45, FireCCI40, FireCCI51),
while the grey shading indicates their min-max range. Source: Fig. 3 from Hantson et al. [2020],
licensed under CC BY 4.0.

best in this test. However, the large discrepancies between them reinforce the need for further

understanding of the underlying processes.

Forkel et al. [2019a] showed that FireMIP models captured the relationship with climate
variables well, in contrast to the relationship with vegetation variables. Especially the dependence
of BA on pre-season productivity was not represented well. This supports the findings of Hantson
et al. [2020], who found that a better representation of the seasonal concentration of gross primary
productivity (GPP) and vegetation patterns by the FireMIP models was correlated with better
performance when predicting BA. This indicates that the seasonality of vegetation growth and
senescence is important for the accurate modelling of fuel loads and, by extension, fire activity.
Teckentrup et al. [2019] found that spatial patterns are captured well by the FireMIP models, but
analysis of temporal trends since 1921 revealed large disagreements between the models. They

attributed these differences largely to uncertainties related to the treatment of human impacts
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(ignitions and suppression) and land use changes. While Hantson et al. [2020] also found that
the general geographical pattern of BA is represented well by the FireMIP models (see Fig. 1.3),
poor representation of fuel build-up by the models may have contributed to their comparatively

poor reproduction of seasonality (see Fig. 1.8) and IAV (see Fig. 1.9) of BA.

Overall, Hantson et al. [2020] found that no single model outperformed all other models on
all accounts and that empirical models such as INFERNO performed as well as the process-
based models included in FireMIP. However, Jones et al. [2022] caution that empirical models
often perform well because they are trained on observational data, with their ability to reliably

extrapolate fire behaviour being unclear.

INFERNO has also been shown to exhibit an anomalous response to herbaceous vegetation

cover, severely underestimating its influence on BA, as seen in Fig. 1.7 [Forkel et al., 2019a].

Simulations of contemporary fire emission totals by most FireMIP models were found to be
within observational uncertainties [Li et al., 2019]. However, van Marle et al. [2017b] found large
differences between the FireMIP models for simulated emissions between 1750 and 2015. As with
BA [Hantson et al., 2020], Li et al. [2019] found that representation of IAV of fire emissions is
lacking. They suggested that this, along with the discrepancy between modelled emission trends,

may be due to a poor representation of human impacts in the models.
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Beyond the systematic comparisons enabled by the FireMIP project, other studies have also
evaluated fire models. Projections of future fire by models have been found to be subject to large
uncertainties, with little agreement between the models [Settele and Scholes, 2014, Kloster and

Lasslop, 2017].

1.6 Thesis structure

Chapter 2 introduces analytical methods used throughout the thesis for the modelling of BA
and its drivers, such as generalised additive models (GAMs) and random forest (RF) regression
models.

Chapter 3 describes the empirical wildfire analyses that have been published in Kuhn-Régnier
et al. [2021b], albeit with additional results and methodological detail. The relationships between
vegetation properties and BA are currently not understood as well as the relationships with
climate [e.g. Forkel et al., 2019a, Kelley et al., 2019, Teckentrup et al., 2019, Hantson et al.,
2020]. Therefore, both Forkel et al. [2019a] and Hantson et al. [2020] argued that an improved
understanding of the relationship between vegetation properties and fuel build-up and their
effects on fire regimes is needed to improve fire models. Using machine learning analyses of remote
sensing datasets, my goal is to understand the fundamental drivers of BA. Particular emphasis is
placed on the roles of antecedent vegetation productivity and aridity and how their impact relates
to instantaneous conditions. Key to gaining such insights are machine learning methods such as
RF regression models, which are more flexible than GLMSs [e.g. Bistinas et al., 2014, Haas et al.,
2022] and have previously shown promise as a tool for the analysis of wildfire drivers [Archibald
et al., 2009, Aldersley et al., 2011, Forkel et al., 2019a]. They allow the representation and analysis
of complex non-linear relationships between the driving variables and BA. Robust visualisations
of these relationships are achieved using accumulated local effects (ALE). Interactions between
the driving variables can also be quantified and visualised using RFs and ALEs. While statistical
methods have previously been used to investigate fire drivers, including antecedent effects [e.g.

Archibald et al., 2009, Forkel et al., 2017, Joshi and Sukumar, 2021, Haas et al., 2022], my
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investigation aims to visualise the relationships between driving variables and BA on different
antecedent timescales while also quantifying their importance for BA prediction at different
antecedent timescales globally at a grid cell scale. This is enabled by correlation-tolerant analysis

methods.

Chapter 4 details how the insights gained from Chapter 3 were used to develop a new
flammability parametrisation for the INFERNO fire model. This parametrisation makes use
of sigmoidal relationships similar to those used by Knorr et al. [2014] in order to enable the
representation of a variety of relationships (e.g. linear or step-like) between the driving variables
and flammability. To address the concerns that especially vegetation properties and fuel build-up
are currently not represented adequately in global fire models [Forkel et al., 2019a, Hantson et al.,
2020], particular emphasis is placed on re-parametrising the impact of antecedent vegetation,
which, in addition to the expected climatic drivers, is found to be of particular importance in

Chapter 3.

Chapter 5 then uses multiple sensitivity analyses to explore the underlying components of
the parametrisation developed in the previous chapter. For example, the Sobol global sensitivity
analysis (SA) methodology is used to quantify the impact different components have on either
the phase or magnitude performance of the modelled BA. While simple fractional perturbations
(i.e. +X%, -Y%) have previously been used to carry out SA for INFERNO in Mangeon [2017],
Sobol SA yields more robust estimates. Furthermore, GAM models were fit to the modelled
BA to verify that the sigmoidal relationships reasonably capture the underlying relationships.
In a more fine-grained approach to the land cover grouping scheme variations used in Forkel
et al. [2017], the ideal complexity (i.e. the number of parameters) of the parametrisation from
Chapter 4 is explored by varying both the input data and the underlying relationships. Overall,
the methods presented in this chapter serve to illustrate which parameters (and how many) and
which input data of the new parametrisation are required for adequate prediction of BA while

also revealing which aspects of the modelled BA are controlled by which parameters.

Finally, Chapter 6 provides a general discussion of the conclusions drawn from this work.
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Links are made between the anticipated importance of different data and parameters from
Chapter 3 based on observations and the eventual importance in a fire model context given the
sensitivity analyses carried out in Chapter 5. It is also suggested how the approaches employed
throughout may be used to analyse and improve other kinds of fire models, e.g. process-based
models, in addition to how our general understanding of wildfire drivers might benefit from the

insights gained in this thesis.
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Chapter 2

Analysis Methods

Throughout the thesis, I used random forests (RFs) (Chapter 3) and generalised additive
models (GAMs) (Chapter 5) for statistical modelling of burnt area (BA). Accumulated local

effects (ALE) were used to visualise the underlying relationships fitted by the RFs in Chapter 3.

2.1 Emergent vs underlying relationships

It is important to consider the multiple factors that influence fire together and to account for
their interactions in order to distinguish underlying from emergent relationships [Yang et al.,
2014, Bistinas et al., 2014, Archibald et al., 2018]. Several approaches have been used, ranging
from generalised linear models (GLMs) [e.g. Bistinas et al., 2014, Haas et al., 2022] to machine
learning approaches [e.g. Archibald et al., 2009, Aldersley et al., 2011, Forkel et al., 2019a, Joshi
and Sukumar, 2021].

Using GLMs, Bistinas et al. [2014] demonstrated the significant differences between emergent
and underlying (or ‘causal’) relationships between drivers of wildfires and BA. An example
of the discrepancy between emergent and underlying relationships is the relationship between
temperature and BA. While the underlying relationship between the two variables is positive
and monotonic as expected (higher temperatures result in higher BA), the emergent relationship,
observed e.g. when plotting observations of temperature against observed BA, is unimodal with a

single peak at intermediate temperatures. The latter relationship would suggest a decrease in BA
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with increasing temperatures at high temperatures. However, this is an artefact of other factors,
e.g. the lack of vegetation in regions with extreme temperatures. Underlying relationships can be
determined by taking into account all other relevant variables during statistical modelling (see
Section 2.3). Thus identified, such relationships can then augment existing ecological knowledge

to help infer underlying processes that control fires.

2.2 Generalised additive models

Generalised additive models (GAMs) can be seen as an extension of GLMs. Compared to
simple linear models, GLMs are more flexible by being able to take into account different error
distributions and transformations of the mean response [Nelder and Wedderburn, 1972]. Through
the use of a link function, GLMs allow separate modelling of the linearity and variance, enabling
a more flexible treatment than simple variable transformations. To further increase the flexibility
of the model compared to GLMs, GAMs use an additive combination of smoothing functions
(e.g. polynomials or non-parametric functions; f,, in Eq. (2.1)) [Hastie and Tibshirani, 1999].
Because of this, GAMs can model non-linear and non-parametric relationships between the

predictor and target variables. The GAM model can be written as follows:

g(E(Y)) =g(n) =n=Po+ filz1) + fa(x2) + - + frn(Tm), (2.1)

where = E(Y) is the expected value of the response variable Y, g denotes the link function,

and By denotes the intercept.

2.3 Random Forests

Random forest (RF) regression is an ensemble learning approach in which multiple decision trees
are constructed using a randomly sampled subset of training observations (see Fig. 2.1) [Breiman,
2001]. The output of the final model is the average result of all individual decision trees. RF

regression is highly suited to investigating the emergent controls on fire because it is able to learn
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Figure 2.1: The random forest algorithm. Multiple trees are fit using potentially different bagged
samples of the training data. For regression, the final prediction is the mean of the individual
regression tree predictions. For each regression tree, samples are propagated based on the value
of several variables. At every tree node, a variable is compared to some threshold to decide which
branch is followed (red nodes) and which is discarded (white nodes). Finally, the lowest tree
nodes (green) denote the output value for each tree given the sequence of previous comparisons.
non-linear relationships in high-dimensional space [Archibald et al., 2009]. By averaging over
multiple decision trees, RFs also aim to mitigate overfitting [Breiman, 2001]. Compared to GAMs,
the possible relationships between the predictor and target variables are more flexible, with
arbitrary interactions between variables also being fitted. While other machine learning (ML)
approaches have been used to study fire, e.g. multilayer neural networks [Joshi and Sukumar,
2021], T chose RF's for my analysis since they have previously been shown to work well for studies
of fire (see e.g. [Archibald et al., 2009, Aldersley et al., 2011, Forkel et al., 2019a]). They are
also more interpretable than other approaches like neural networks. Furthermore, an efficient
method for SHapley Additive exPlanations (SHAP) value calculation has been formulated for
such tree-based methods [Lundberg et al., 2020].

Fitting RFs is a supervised problem, meaning that both the predictor and target variables
are used to estimate (‘fit’) relationships between the two. The exact mechanism used for the
model fitting procedure is dependent on several parameters, known as ‘hyperparameters’, the

optimal values of which depend on the dataset and performance metric (e.g. R?) used [Probst

et al., 2019]. Examples of hyperparameters include the number of estimators (n_estimators),
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which determines the number of trees whose predictions are averaged and the maximum depth
(max_depth), which limits the number of split levels. Generally, increasing the number of
estimators (trees) leads to a performance improvement, albeit at the expense of increasing
the computational cost [Probst et al., 2019]. Reducing the maximum depth ‘prunes’ the trees,
reducing the number of tree nodes that only depend on a few samples. This can lead to improved
predictive performance, especially in the presence of noise [Segal, 2004, Probst et al., 2019].
Intuitively, pruning may reduce overfitting because reducing the number of nodes is akin to
disregarding the finest details, which are likely to be more affected by noise as opposed to being

representative of a genuine underlying relationship.

2.3.1 N-fold cross-validation

Hyperparameter estimation is commonly carried out using a technique called N-fold cross-
validation (CV), whereby N distinct non-overlapping slices of data are separated into training
and validation datasets [Fox et al., 2017, Roberts et al., 2017]. N — 1 of the data slices are used
for training, with the model performance then being tested (e.g. using the R? metric) on the
remaining data slice. In the same fashion, all data slices are alternately used for testing, with the
final result being the average model performance (e.g. RQ) across all test slices. Compared to
regular validation, where a certain fraction of data is (perhaps randomly) segregated into fixed
training and validation datasets (i.e. a single step in N-fold CV), N-fold CV evaluates model
performance on more varied samples without requiring more data. This is effective since model
training is reset between runs (the model is retrained ‘from scratch’ for every new combination

of training dataset slices).

2.4 Machine learning model validation

Model performance on the validation dataset, which has not been used for training (including any
hyperparameter tuning), is an indication of the expected performance of the model on unseen

data (i.e. model generalisability). For the RF model, the out-of-bag (OOB) score also provides
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an alternative way of evaluating model performance [Breiman, 2001, Segal, 2004, Fox et al., 2017,
Probst et al., 2019]. Individual trees of an RF model are constructed using a bootstrap sample
(random sampling with replacement). Owing to this sampling scheme, around a third of all data
are not contained within this sample and are referred to as the tree’s OOB data. Predictions
on OOB samples can then be used to derive the OOB score [Breiman, 2001]. Therefore, the
OOB R? for the training dataset can be used to estimate how the model will perform on unseen
data [Segal, 2004, Fox et al., 2017, Probst et al., 2019]. However, since these data are still part
of the training dataset, this may skew the expected performance. As such, the R? score for the
validation dataset can be used to provide an independent, alternative measure of the model’s

generalisability.

2.4.1 Spatial autocorrelation

Use of the validation dataset R? is only valid if there is no autocorrelation between the samples.
In the presence of spatial autocorrelation, the data are no longer independent [Archibald et al.,
2009], as samples that are spatially close to each other tend to be similar [Ploton et al., 2020].
Spatial autocorrelation may impact model fitting and validation [Ploton et al., 2020] since the

validation samples are not independent of the training samples used to fit the model.

Following the procedure outlined by Ploton et al. [2020], the degree of spatial autocorrelation
can be estimated using a variogram of the global target variables (BA). This is then followed
by a buffered leave-one-out cross-validation (B-LOO CV) procedure to determine the extent to
which autocorrelation may influence the amount of potential overfitting of the model used. This
is carried out as follows, where 1y, is inferred from the variogram by noting at which separation
the semivariance stops increasing, and N, is chosen such that the number of potential training

samples is guaranteed to be equal to or above Ny for all 7 < rpax:

1. Randomly choose a single (test) location. The samples (e.g. monthly samples) at this test
location constitute the test set.

2. Exclude samples from the potential training set in a circular region of radius r pixels
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around the test location, such that no potential training sample is closer than r pixels to
the test location. This limits the influence of spatial autocorrelation.
3. Randomly choose N; training samples from all remaining potential training samples.
4. Using a model trained on the above training samples, predict BA for the test location.
5. Increment r and repeat steps 1-4 until r has reached ryax.
This process can be repeated many times for each of the chosen radii by changing the random

seed associated with the random test location choice.

2.5 Visualising underlying relationships using ALE plots

Black-box ML models, including reasonably complex RFs that cannot be visualised feasibly in
terms of their underlying regression trees, are powerful regression tools due to their ability to
capture arbitrarily complicated relationships between input and output data. However, this
complexity goes hand in hand with the inability to easily infer the average response of these
models to variations in the input data, i.e. the underlying relationships fit by the model. To
enable the visualisation of such underlying relationships, partial dependence plots (PDPs) are
widely used due to their intuitive interpretation and implementation [Zhao and Hastie, 2019,
Molnar, 2020], including for RF wildfire predictions [Forkel et al., 2019a]. They are computed by
fitting the model to every possible combination of independent input variables while keeping one
of them constant. The resulting predictions are then averaged in order to remove the effects of
all but the variable that was kept constant. Repeating this process while keeping the variable in
question constant at a variety of values isolates the influence of the chosen variable across the
chosen range [Friedman, 2001].

ALE plots represent a more statistically rigorous and robust alternative to PDPs [Molnar,
2020, Apley and Zhu, 2020]. They can be interpreted in much the same way as PDPs while
being statistically favourable for correlated input variables. This is because, in the presence of
correlations, computing PDPs forces the model under investigation to extrapolate beyond the

distribution of input variables present in the training set, leading to misleading results [Hooker,
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2007, Molnar, 2020, Apley and Zhu, 2020]. Especially for models that are poor at extrapolating,
such as the RF model, this may result in unpredictable and, therefore, undesirable behaviour.
Unlike e.g. GLM models, which fit continuous relationships between predictor variables and
the target variable that is to be predicted, RF models partition the input space into a set of
categories, each associated with a certain target value that is within the values seen in the
training set. A direct corollary of this approach is the inability to predict target values that are
higher or lower than the values seen during training since all predictions must be associated with
one of the categories learnt during the RF model training. The ALE technique circumvents this
problem by only utilising a limited number of predictor variable combinations in the vicinity of
existing training samples. This has the convenient side-effect of reduced computational runtime
since fewer predictions need to be made. These runtime reductions are especially pronounced for

the 2D ALE plots explained below.

2.5.1 Visualising inhomogeneities

Underlying inhomogeneities appear when the relationships fit by a model differ between regions
(and times), as is expected to happen when comparing biomes, for example. These are traditionally
revealed using individual conditional expectation (ICE) plots that isolate the modelled response
to single features for a given instance [Goldstein et al., 2015] (e.g. a single location and month).
However, ICE plots suffer from the same problems as PDPs since they are computed in much
the same way (PDPs are mathematically equivalent to an average over ICEs). Contrary to ICE
plots, the construction of ALE plots for single samples is not possible by design. However, the
ALE technique can be used to examine inhomogeneities by subsampling the dataset prior to ALE
plotting, thereby allowing the visualisation of underlying relationships for a subset of locations
and times. Causes of inhomogeneities can be explored using 2D ALE plots, which show the

combined effect of two features on the predictions.
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Chapter 3

Empirical Analysis of Burnt Area

Drivers

The work presented in this chapter has been published in part in the following article:
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Colin Prentice, and Sandy P. Harrison. The importance of antecedent vegetation and
drought conditions as global drivers of burnt area. Biogeosciences, 18(12):3861-79.
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Author contributions to the work above are as follows:
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PN, MF, ICP, SPH; Visualisation: AKR; Supervision: AV, PN, ICP, SPH.

Additional contributions presented here include Fig. 3.3 in Section 3.2.4.
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Abstract

The seasonal and longer-term dynamics of fuel accumulation affect fire seasonality and the
occurrence of extreme wildfires. Failure to account for their influence may help to explain why
state-of-the-art fire models do not simulate the length and timing of the fire season or inter-annual
variability in burnt area well. I investigated the impact of accounting for different timescales
of fuel production and accumulation on burnt area using a suite of random forest regression
models that included the immediate impact of climate, vegetation, and human influences in a
given month and tested the impact of various combinations of antecedent conditions in four
productivity-related vegetation indices and in antecedent moisture conditions. Analyses were
conducted for the period from 2010 to 2015 inclusive. The inclusion of antecedent vegetation
conditions representing fuel build-up led to an improvement of the global climatological out-
of-sample R? from 0.579 to 0.701, but the inclusion of antecedent vegetation conditions on
timescales >1 yr had no impact on the simulated burnt area. Current moisture levels were the
dominant influence on fuel drying. Additionally, antecedent moisture levels were important for
fuel build-up. The models also enabled the visualisation of interactions between variables, such
as the importance of antecedent productivity coupled with instantaneous drying. The length of
the period which needs to be considered varies across biomes; fuel-limited regions are sensitive to
antecedent conditions that determine fuel build-up over longer time periods (~4 months), while

moisture-limited regions are more sensitive to current conditions that regulate fuel drying.
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3.1 Introduction

Studies have pinpointed the relationship between simulated vegetation properties and burnt
area (BA) as a cause for concern [e.g. Forkel et al., 2019a, Kelley et al., 2019, Teckentrup
et al., 2019, Hantson et al., 2020]. Forkel et al. [2019a] analysed satellite data to show that
while state-of-the-art fire—vegetation models reproduce the emergent relationships with climatic
variables, they do not correctly represent the relationship between vegetation and BA. Hantson
et al. [2020] highlighted the need for an improved understanding of the vegetation drivers of
fire season length and the inter-annual variability (IAV) of BA. Both Forkel et al. [2019a] and
Hantson et al. [2020] argued for a better understanding of how vegetation properties control fuel

build-up and, therefore, fire occurrence and intensity.

Several regional and global studies have indicated the importance of antecedent fuel build-up
for BA. For example, links between fire activity and antecedent productivity have been found
in South Africa [Van Wilgen et al., 2000], Australia [Griffin et al., 1983, Jenkins et al., 2020],
grass and shrublands in the western United States [Swetnam and Betancourt, 1998, Westerling
et al., 2003, Littell et al., 2009], and southern Africa [Archibald et al., 2009]. Global studies have
identified similar relationships (a positive relationship between pre-season productivity and fire
activity in the following dry season) in some dry areas. By studying the correlation between
growing period (i.e. antecedent) soil moisture and fire activity, Krawchuk and Moritz [2011] found
that fire activity in dry regions is related to antecedent productivity. Similarly, van der Werf et al.
[2008] found a similar relationship for arid ecosystems (e.g. northern Australia), where antecedent
wet conditions coupled with high drying rates in the month of the fire were found to be important.
Some studies have also identified northern Australia to obey this relationship [Randerson et al.,
2005, Spessa et al., 2005]. Alvarado et al. [2020] used 6-month and 24-month antecedent rainfall
to demonstrate fuel moisture and fuel build-up limitations, respectively, across tropical savannahs,
also finding a strong response of BA to antecedent precipitation in arid African and Australian
regions. In another recent global analysis, O et al. [2020] found that for arid regions, wet

anomalies (soil moisture) led to increased fire later in the year by increasing fuel loads and
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biomass, supporting the regional findings of e.g. Krueger et al. [2016] for Oklahoma in the US.
Thus, it is clear that a better understanding of the timescales of fuel accumulation, the interaction
between biophysical drivers and fuel build-up, and the effects of antecedent weather conditions
on both fuel loads and fuel drying is needed in order to improve BA predictions.

Here, I quantify the roles that antecedent vegetation productivity and aridity play relative
to instantaneous conditions, the critical number of months that are most important for each,
the shape of their relationships to BA, and the interactions between them. Since other climate
factors, ignitions, and human activities also influence BA, I necessarily include these factors in
my analysis. The use of a machine learning approach enables the identification of non-linear
relationships and interactions between the drivers. This is then combined with analysis and
visualisation techniques that provide insights into the modelled relationships while mitigating
the effects of correlations among variables. Such insights include the effect of a particular driver
on BA and the interactions between pairs of drivers. While other studies have used statistical
methods to explore fire drivers, including the effect of antecedent productivity [e.g. Archibald
et al., 2009, Forkel et al., 2017, Joshi and Sukumar, 2021, Haas et al., 2022], my study explores
the global relationships between antecedent conditions (fuel load and drying) and fire in more
detail. Compared to previous regional investigations of the (relative) importance of antecedent

variables [e.g. Bessie and Johnson, 1995], I aim to quantify this on a global scale.

3.2 Methods

3.2.1 Data

The predictor and BA datasets are available for different but overlapping time periods (Table 3.1).
I pre-processed each dataset separately and conducted random forest (RF) analyses based on the
common period from January 2010 to April 2015 using the monthly climatological average of
each time series. Monthly fractional BA for this period was obtained from the fourth-generation
global fire emissions database (GFED4) dataset [Giglio et al., 2013] (data were retrieved from

https://www.globalfiredata.org/data.html). To investigate the impact of temporal trends,
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a longer time period from November 2000 to December 2019 was also considered in a monthly
RF analysis using a subset of significant variables which were available for this extended time
period. The MODIS MCD64CMQ [Giglio et al., 2018] BA dataset was used for this analysis to
avoid the temporal limitation of the GFED4 dataset (see Table 3.1). Note that GFED4 is based

on MODIS BA.

Diurnal temperature range (DTR), maximum temperature (MaxT), dry-day period (DD),
and soil moisture are important climate factors influencing BA [Archibald et al., 2009, Bistinas
et al., 2014, Forkel et al., 2017, Abatzoglou et al., 2018, Forkel et al., 2019a, Kelley et al., 2019]
and are therefore considered as predictors in my analyses. The DTR was calculated by taking the
monthly average of the difference between the daily maximum and minimum ECMWEF Reanalysis

5th Generation (ERA5) [Copernicus Climate Change Service (C3S), 2017] 2 m temperatures.

The dry-day period was defined as the longest contiguous period of ERA5 mean daily
precipitation below 0.1 mm day ! [wetting rainfall; Harris et al., 2014, Jolly et al., 2015] within
each month. Contiguous dry-day periods were concatenated across months before determining
the longest dry-day period within a given month. For example, consider a 30-day long month with
a 10-day long dry-day period at the beginning of the month, followed by a wetting precipitation
event on day 11, and then a dry-day period for the following 19 days. This month has a dry-day
period of 19 days. However, if the previous month were to terminate in a 10-day long dry-day
period, these 10 days would be added to the initial 10-day dry-day period of the current month,
thereby making this combined dry-day period the longest. Assuming that this previous month
does not have any dry-day periods apart from the last 10-day-long dry-day period, this would
make up the longest dry-day period in this month, regardless of the fact that these 10 days were

added to the dry-day period in the following month.

Soil moisture was taken from the Copernicus soil water index (SWI) dataset [Wagner et al.,
1999, Albergel et al., 2008]. The WWLLN Global Lightning Climatology (WGLC) dataset [Kaplan
and Lau, 2019] was used to provide counts of monthly lightning strikes. It is based on the World

Wide Lightning Location Network (WWLLN) dataset, which mainly detects cloud—ground (CG)
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Table 3.1: Characteristics of the datasets. End times, as applicable to the processed data,
indicated in brackets. Rows are coloured to aid readability.

Variable Abbreviation  Dataset Start End Time Reference
burnt area BA GFED4 06-1995 12-2016 monthly  Giglio et al. [2013]
diurnal resent Copernicus Climate
temperature ~ DTR ERA5 1950 P monthly  Change Service (C3S)
(12-2020)
range [2017]
masimum present Copernicus Climate
1 < N 1 )
temperature MaxT ERA5 950 (12-2020) monthly Change Service (C3S)
[2017]
dry-day present Copernicus Climate
_ 1 “hange Servic K
period DD ERA5 950 (11-2020) monthly  Change Service (C3S)
[2017]
. . Copernicus Wagner et al. [1999],
soil moisture ~ SWI SWI 01-2007 11-2018 monthly Albergel et al. [2008]
WGLC
. . : . 1-201 _ aplan & 2
lightning Lightning Lightning 01-2010 12-2018 monthly  Kaplan and Lau [2019]
above Tropical:

- Avitabile, . . . Thurner et al. [2014],
gllround tree LLEIS Northern: static static static Avitabile et al. [2016]
biomass

Thurner
land cover CROP
(fractional SHRUB ESA CCI present . i
1992 al.
cover per TREE Land Cover 9 (2019) yearly Li et al. [2018]
grid cell) HERB
solar-induced gy, GlobFluo SIF  01-2007 04-2015  monthly ~Kohler et al. [2015]
fluorescence
vegetation VODCA } .
12-1 - Toes > al. 1
optical depth VOD (Ku-band) 997 12-2018  monthly Moesinger et al. [2019]
fraction of
absorbed
photosyn- present } .
2-2 / ot al.
thetically FAPAR MOD15A2H 02-2000 (03-2021) monthly Myneni et al. [2015]
active
radiation
leaf area present T TonE
index LAI MOD15A2H 02-2000 (11-2018) monthly  Myneni et al. [2015]
Klein Goldewijk [2017],
population T HYDE 3.2 9000 present ool K;’Ziﬁlem Coltelermil
density (updated) (2020) S D s
communication
(February 2021)
MCD64CMQ present -
11-2 g ot al.
burnt area. MCD64 BA MCD64CMQ 000 (06-2020) monthly  Giglio et al. [2018]
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strikes [Rodger et al., 2004, Abarca et al., 2010], as opposed to Lightning Imaging Sensor (LIS)

lightning data [Biirgesser, 2017].

I included several alternative representations of land cover, including above-ground biomass
(AGB) and the fractional cover of trees (TREE), shrubs (SHRUB), herbaceous vegetation (HERB),
and crops (CROP), in my predictor set. Mean tree AGB was obtained by mosaicking AGB
datasets for the tropics [Avitabile et al., 2016, 1km resolution| and northern forests [Thurner
et al., 2014, 0.01° resolution] using the mean after resampling each to a common spatial resolution
of 0.25°. Yearly land cover values were obtained from the ESA Climate Change Initiative (CCI)
Land Cover dataset [Li et al., 2018]. Land cover types were converted to fractional cover
according to Poulter et al. [2015] using the conversion table from Forkel et al. [2017]. Global
population density (POPD) from an updated version of the History database of the Global
Environment (HYDE) 3.2 dataset [Klein Goldewijk, 2017, Kees Klein Goldewijk; personal
communication, February 2021] was used as a measure of human influence on vegetation and
fire regimes, as comparable indices (e.g. the night light development index), were shown to
perform similarly [Forkel et al., 2017] and it is already widely used, as well as being easily
interpretable. Regional proxies of human influence, like road density or housing density, are also
unlikely to generalise to global scales and across time periods [Syphard et al., 2007]. Despite
their yearly or even static timescales, the above datasets are valuable to my analysis because
they provide additional information when combined with meteorological variables that vary on

monthly timescales [Kelley et al., 2019].

Field data on fuel loads are sparse, and the only global dataset [Pettinari and Chuvieco,
2016] is based on extrapolating scattered field measurements by biome. I therefore used four
remotely sensed vegetation properties related to total biomass or leaf cover that could be regarded
as fuel load indices in my predictor set: solar-induced fluorescence (SIF), vegetation optical
depth (VOD), the fraction of absorbed photosynthetically active radiation (FAPAR), and leaf
area index (LAI). All four properties have previously been used as productivity indices [e.g.

Ogutu et al., 2014, Teubner et al., 2018, Ryu et al., 2019, Mohammed et al., 2019] and I use all
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four because it is uncertain which would be most closely related to fuel loads. There are also
trade-offs involved in choosing between these remotely sensed properties. For example, at high
VOD values above 1.2, small-scale canopy changes can no longer be detected [Owe et al., 2001,
van Marle et al., 2016]. Monthly SIF was obtained from the GlobFluo SIF dataset [Kchler et al.,
2015]. Ku-band VOD was obtained from the VOD Climate Archive (VODCA) dataset [Moesinger
et al., 2020]. FAPAR and LAI were obtained from the MOD15A2H dataset [Myneni et al., 2015].
I used data from January 2008 to April 2015, covered by all four datasets, to derive values
(including up to 2 years antecedent values) for the climatological analyses of the period from
January 2010 to April 2015. Similarly, relevant data from February 2000 to December 2019
were pre-processed for the monthly analysis of the period from November 2000 to December
2019 (including up to 9 months antecedent values). The varying time periods required for data
pre-processing for these two analyses result from the choice of antecedent variables used, as

explained in Sections 3.2.1.1 and 3.2.3.

3.2.1.1 Antecedent predictor variables

The influence of antecedent conditions that might affect fuel loads or fuel dryness, specifically
vegetation properties and DD, on BA was investigated using antecedent FAPAR, LAI, VOD, SIF,
and DD data from up to two years before any given month (1M, 3M, 6M, 9M, 12M, 18M, 24M,
where M denotes months). The large temporal autocorrelation between predictor variables could
impede the visual interpretation of the impacts of antecedent periods >1 yr. Thus, anomalies
were computed by subtracting the seasonal cycle relative to the designated month, resulting in

the following transformations:

(X 12M) — (X OM) — X A12M,
(X 18M) — (X 6M) — X A18M,

and (X 24M) — (X OM) — X A24M,
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where X € {FAPAR, LAI, VOD, SIF, DD} and X OM refers to the variable X in the current
month. For example, the 12-month antecedent X 12M was transformed by subtracting the
instantaneous (month 0) value of X, thereby yielding the anomaly in X, X A12M, which may be

easier to interpret.

3.2.2 Data processing

3.2.2.1 Gap filling

There are gaps in the SWI, FAPAR, LAI, SIF, and VOD datasets in winter months at latitudes
above ~60°N, and in the austral winter for southern South America, due to high solar zenith
angles for FAPAR, LAI, and SIF and because of snow cover and frozen soil for SWI and
VOD [see e.g. Moesinger et al., 2020]. There are also sporadic missing values in these datasets
caused by e.g. cloud cover. Simple exclusion of times lacking data is not feasible when examining
antecedent conditions. Thus, data gaps were filled using a two-step approach, as in Forkel et al.
[2017], in order to allow the analysis of summer months at the affected locations. This approach
differentiates between two gap types based on the amount of missing information for a specific
month at each location.

First, ‘persistent’ gaps, defined as months for which 50 % or more of the observations across
all years are missing, were filled using the minimum value observed at that location for the given
predictor variable. I assume that this indicates missing data during the winter since other causes
for data gaps (e.g. cloud cover) are predominantly ‘transient’. For example, if a certain grid cell
was missing data for more than 50 % of all Decembers in the record, these gaps in December
would be treated as persistent and therefore filled using minima.

Second, the remaining transient gaps were filled using season-trend regression models with
four harmonic terms (k = 4) and without breakpoints. These models were fitted using ordinary
least squares regression to the entire time series obtained during the first step, using data from
January 2008 to April 2015 for the climatological analyses or February 2000 to December 2019

for the monthly analysis. Cloud cover, which also affects detection in tropical and subtropical
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Figure 3.1: The fraction of filled samples for FAPAR (January 2008 to April 2015) at a given
location for each month, with yellow indicating that all occurrences of a given month at a given
location were filled and purple indicating that no filling was done. Filling is carried out mainly
in winter in northern latitudes.

regions, is usually transient and therefore filled using the regression models. For the climatological
analyses with 88 months in total, locations where no observations were available for > 52 months
(regardless of whether such data gaps always occurred in the same month, as for persistent gaps,
or at any point throughout the year) were discarded in a trade-off between data quality and
geographic extent. For the monthly analysis, locations were discarded given > 138 unavailable

months out of 239 months.

An alternative temporal nearest-neighbour gap-filling approach yielded very similar results
(Fig. 3.10b). This simple approach used for the eventual ALL_NN model processes time series at

a given location, filling gaps by using the temporally closest available sample(s) at that location.

66



Of the two approaches, I used the season-trend model with minima filling because it represents a
more physical solution; it is based on an approach previously used for vegetation variables [see
Beck et al., 2006], for which one would expect minima to occur during winter. Indeed, as can
be seen in Fig. 3.1, virtually no samples are being filled with minima outside of winter, and
predominantly in the extreme northern latitudes. While my gap-filling methodology may yield
unphysical values for non-vegetation variables like SWI, I do not expect the filling of SWI to
have a big influence on the final results because I do not use antecedent values of SWI. Since I do
not anticipate fires during the winter, having (by necessity of gap filling) potentially unphysical

values of SWI in the winter should not affect results where relevant for my analysis.

3.2.2.2 Interpolation

All datasets were interpolated to a common 0.25° spatial grid. Datasets where the original
spatial resolution was higher than this were averaged; the other datasets were interpolated
using nearest-neighbour interpolation to avoid smoothing local extrema [Forkel et al., 2017].
Datasets that were only available at yearly time resolution (i.e. land cover, POPD) were linearly
interpolated to monthly intervals. Temporally static data (i.e. AGB) were recycled. Processing

was carried out before averaging to provide monthly climatological time series, where applicable.

3.2.3 Machine learning experiments

I used RF regression (see Section 2.3) to model the relationships between BA and the driver
variables (predictors). The scikit-learn version 0.24.1 [Pedregosa et al., 2011] RF regression
implementation in Python was used, with hyperparameters determined using five-fold random
cross-validation (CV) (see Section 2.3.1) of the eventual ALL model: n_estimators: 500,
max_depth: 18, and default values for all other parameters. I found, heuristically, that limiting
the number of split levels (i.e. pruning the constructed trees using max_depth) was necessary
for the computation of SHapley Additive exPlanations (SHAP) values. This is likely due to
the quadratic scaling of the computational complexity with the tree depth. The Python SHAP

package used (version 0.37.0) was chosen for being the official package from Lundberg et al.
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Figure 3.2: Variogram of mean GFED4 BA (June 1995 to December 2016) using all 237373
available samples. Semivariance can be seen to increase until ~1000 km. Note that a logarithmic
scale is used for the sample counts at the top.

[2020]. The hyperparameters were only estimated once for the model containing all variables due

to computational constraints.

The validation dataset was randomly sampled across space and time and comprised 30 % of
the data. To estimate model generalisability, both the training dataset out-of-bag (OOB) R?

and the validation dataset R? were used (see Section 2.4).

The simple CV above is only valid if there is no autocorrelation between the samples
(see Section 2.4.1). I investigated the degree of spatial autocorrelation using a variogram of
global GFED4 BA, which then informed a buffered leave-one-out cross-validation (B-LOO CV)
procedure following Ploton et al. [2020]. This was carried out to determine how much the
autocorrelation present influences the amount of potential overfitting. I did not employ the
extrapolation-prevention procedure used in Ploton et al. [2020] because it led to the exclusion of
significant areas like northern Australia and west Africa. This procedure is meant to prevent the
examination of regions with unique conditions. Analysis of said regions necessarily implies model
extrapolation since similar conditions are not found anywhere else. Thus, the applicability of
the extrapolation-prevention procedure depends on the datasets considered (in the case of this
analysis, see Table 3.1) and how significant the regions that would be excluded (if any) are to

the analysis.
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The B-LOO CV was executed with ry,.x = 50 pixels (i.e. 50 grid cells), inferred from the
variogram of GFED4 BA. The variogram is necessarily calculated by taking into account the
distance between grid cell centres. However, given that an equirectangular long-lat projection
with 0.25° grid cells throughout was used in my analysis for computational convenience, distance
(in km) has to be converted to grid cells for use in the B-LOO CV procedure. At the equator,
a longitudinal degree corresponds to ~110 km, while at the poles, this distance tends towards
Okm [Budic et al., 2016]. As shown in Fig. 3.2, semivariance increases until ~1000 km, which
would correspond to ~36 grid cells at the equator. This number of grid cells would increase
moving towards the poles, which is why 50 pixels was chosen as a compromise between equatorial
and high-latitude regions. Note that Budic et al. [2016] found that using a long-lat projection—
with the undesirable property of unequal grid cell areas across latitudes—did not significantly
influence the underlying functional relationships fitted by their statistical model compared to an
equal area projection. While their study focused on the modelling of species distributions as

opposed to BA, their conclusion may still be applicable.

The B-LOO CV was carried out across eight radii linearly spaced from 0 to 50 pixels. For
each radius, 4000 test sample locations were chosen, and the RF model was trained on data that
did not include any samples within the given radius. For each chosen test location, the test set
was composed of the 12 monthly samples at that location. Due to computational constraints,

the B-LOO CV was only carried out for a single set of variables.

I trained a number of different RF regression models to test explicit hypotheses about the
importance of antecedent conditions on BA (see Table 3.2) using the same set of hyperparameters
from the climatological time series. The initial experiment (ALL) was run using the basic set of
15 predictor variables related to climate, vegetation, and human influences on fire (Table 3.1)
and included both current and antecedent values of the four vegetation indices and DD, giving
50 predictor variables in total. A second experiment (TOP15) used only the 15 most important
predictors from the ALL model as a way of testing whether all the predictors were necessary and

whether including so many predictors resulted in overfitting.
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The choice of 15 predictors was heuristically based on the slope of the feature importance
plots (see Fig. 3.19), where the importance change is minimal after 15 variables. While the use of
the more rigorous recursive feature elimination with cross-validation (RFECV) would be possible
in principle, this commonly makes use of the Gini importance owing to its ease of calculation, as
it only considers data already seen during training. Unfortunately, this also means that RFECV
fails to account for overfitting, as it only considers the training data when calculating feature
importance [Meyer et al., 2019]. In contrast, the different approaches I jointly utilised to calculate
a more robust feature importance metric are much more computationally demanding, making

RFECYV infeasible.

All of the remaining experiments used combinations of 15 predictor variables. The CURR
experiment only used the current-month values of each predictor. Therefore, a comparison of the
CURR and ALL experiments allowed the impact of including antecedent vegetation and moisture
conditions to be evaluated. However, some of the vegetation predictors are highly correlated with
one another, which could artificially decrease their importance. To test this, I ran four further
experiments (15VEG_FAPAR, 15VEG_LAI, 15VEG_VOD, 15VEG_SIF) that included the 10
most important non-vegetation predictors from the ALL model, potentially including current
and antecedent values of DD. In addition, each of these experiments contained one of the four
vegetation predictors represented by both current (OM) and antecedent values (1M, 3M, 6M, and
9M). To disentangle the effects of antecedent DD and antecedent vegetation properties, I ran
a second set of vegetation experiments (CURRDD_FAPAR, CURRDD_LAI, CURRDD_VOD,
CURRDD_SIF) where each vegetation predictor was represented by both current (0M) and
antecedent values (1M, 3M, 6M, and 9M) but only using current DD and the next nine most
important non-vegetation factors from the CURR model. Finally, five-fold random CV was used
to isolate the best combination of the vegetation predictors under the constraint that each of
the five states (0OM—9M) must be represented exactly once (using any of the four vegetation

predictors), resulting in the BEST15 model.

In addition to the above climatological experiments, I also investigated monthly data for the
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Table 3.2: The modelling experiments. Except for the ALL experiments, the other experiments
included 15 predictor variables for comparability. Differences in the number of antecedent
variables included in each experiment meant that a variable number of variables from the basic
set were used in these experiments. For the TOP15, 15VEG_X(_MON), and BEST15 models,
I used the most important variables from the ALL experiment up to the required number of
15. For the CURRDD_X models, I used the most important non-vegetation variables from the
CURR model. Table 3.3 provides a detailed list of the variables included in each experiment.

Name Nr.  Variables
Basic set of current variables + current month and
ALL & ALL_NN 50 antecedent (1, 3, 6, 12, 18, 24M) values for Dry Days and
vegetation indices (FAPAR, LAI, VOD, SIF)
TOP15 15 Top 15 predictors from the ALL model
CURR 15  Only current values of the basic set of 15 variables
Top 10 non-vegetation variables from the ALL experiment,
15VEG X (e.g. 15VEG_FAPAR) 15  plus current and antecedent (1, 3, 6, 9 months) vegetation

index X (e.g. FAPAR)

Current and antecedent (1, 3, 6, 9 months) versions of the
CURRDD_X (e.g. CURRDD_FAPAR) 15 vegetation index X (e.g. FAPAR), current DD, top 9 other
variables from the CURR experiment

Current and antecedent DD, one current, 1M, 3M, 6M, 9M

BEST15 15 vegetation index (drawn from the four potential vegetation
indices) and five most important other variables from the
basic set
Same as the 15VEG_FAPAR experiment with monthly data

15VEG_FAPAR_MON 15 instead of climatological data and lightning data replaced

by the next-most important non-vegetation variable

time period 11-2000-12-2029 (230 months) using the 15VEG_FAPAR_MON model. The MODIS
MCD64CMQ [Giglio et al., 2018] BA dataset was used instead of the GFED4 dataset to enable
an analysis of this extended period (see Table 3.1). Otherwise, this experiment uses the same
variables as the 15 VEG_FAPAR experiment with the exception of lightning, which was replaced
with the similarly significant variable AGB (see Fig. 3.19) in order to enable processing of this
longer time period. In addition to five-fold random CV as for the other models, the performance
and generalisability of this model were also measured using temporal CV. Here, the model was
trained on all samples excluding either all months within the years 2009-2012 (including 2012) or
2016-2019 (including 2019). Subsequently, the R? was measured on the years that were excluded
for training. Note that unless explicitly specified, all following methodological descriptions relate

to the climatological experiments as opposed to the monthly 15VEG_FAPAR_MON experiment.
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3.2.4 Measuring predictor importance and relationships

There is no unique way to measure the importance of a given predictor on model skill in predicting
BA, and it is particularly difficult to assign importance to individual predictors when there is a
high degree of collinearity between them [Dormann et al., 2013, Nowack et al., 2018, Mansfield
et al., 2020]. T use four techniques to infer the importance of individual predictors: Gini impurity,
permutation feature importance (PFI), leave-one-column-out (LOCO), and SHAP values. The
Gini importance aggregates the decrease in mean squared error (MSE) for each split involving
a given predictor variable over the individual decision trees making up the RF. The PFI was
calculated from five permutations of each predictor variable (validation set) using the ELI5
0.11.0 PermutationImportance (https://elib.readthedocs.io/en/latest/index.html). The
permutations may result in unlikely or impossible combinations of predictors, and thus the PFI
approach has a known tendency to overemphasise the importance of individual variables [Hooker
and Mentch, 2019]. The LOCO importance measure is estimated by repeatedly retraining the
RF models, each time without one particular predictor variable. The relative importance of
this predictor variable is then measured as the change in MSE on the validation dataset, where
a larger drop in MSE signifies a larger significance for the variable within the dataset. The
importance of correlated predictor variables may be under-emphasised in this approach since the
model is retrained, and thus some of the importance associated with the removed variable may be
transferred to the correlated variables during the retraining process. The SHAP value [Lundberg
and Lee, 2017, Lundberg et al., 2020] is the average of marginal contributions from a series of
perturbations of the predictor variables. In a similar way to the PFI, this method shares the
importance amongst correlated predictor variables, which may make them appear less significant
than if they were included on their own. SHAP values were computed for all validation samples.
In order to create a robust composite importance metric for each predictor variable, I divided
the Gini, PFI, LOCO, and SHAP metrics by the sum of their absolute values and then summed

them.
Maximally significant timescales at each grid cell were calculated by weighting antecedent
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Figure 3.3: Significant peak detection algorithm. Data points are denoted by blue dots, and
significant peaks are denoted by orange crosses. ‘Peaks’ are local extrema whose height is
measured relative to the dotted reference lines, as indicated by the arrows. Their normalised
height h is then calculated by dividing by the largest height. Thus, the highest peak has a height
h = 1 by definition. Peaks are significant iff A > hpi,. Solid boxes denote significant heights,
whereas insignificant heights are shown using dotted boxes. For strictly positive data (a), the
reference value is the lowest adjacent local minimum. Otherwise, (see (b)—(d)), the reference value
is either 0 or an adjacent extremum located between two peaks, as demonstrated by the leftmost
peak in (d). Adjacent peaks are not used for height calculations to avoid spurious significant
peaks, e.g. the last local minimum in (d) would be significant if its height were measured relative
to the last local maximum.

months using the largest SHAP value magnitude out of all 12 months in the climatological data.
The maximum SHAP value magnitudes were calculated for a predictor variable x at location /¢

on the latitude-longitude grid as follows:

SHAP, ; := SHAP, ¢ mp., Where mpa = argmax |[SHAP, | (3.1)
me(1,2,...,12}

These were then used to calculate the maximally significant timescales for the basis predictor
variable X (e.g. FAPAR) using an average over antecedent months, a, weighted by maximum
SHAP value magnitudes:

¢ . Za,x a‘SHAPfE,E‘
max,X,( - Za7x |SHAPx7Z|

for a,x € {(0,X OM), (1,X 1M), (3,X 3M), (6, X 6M), (9, X 9M)}.

(3.2)

Locations with too many significant antecedent months were ignored in order to visualise
resulting relationships more reliably; for example, if both the current (|]SHAPx g ¢|) and nine-
month antecedent (|[SHAPx gn ¢|) magnitudes are dominant, the weighted mean month (according

to Eq. (3.2)) would lie in between, which is physically meaningless. In order to mitigate this,
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I designed an algorithm to detect SHAP values that differ significantly from the baseline, as
illustrated in Fig. 3.3. Additionally, I also applied a range-based threshold, whereby locations
were ignored if the variability of the SHAP values at location ¢ was below a threshold heuristically

related to the mean BA, BA, (based on all BA samples):
max(SHAP,, /) — min(SHAP, ;) < 0.12 x BA,. (3.3)

I further used accumulated local effects (ALE) plots [Apley and Zhu, 2020] to examine and
interpret the coupled relationships fitted by the RF models. ALE plots are a more robust
alternative to partial dependence plots (PDPs) or individual conditional expectation (ICE)
plots [Molnar, 2020, Apley and Zhu, 2020]. I assessed the impact of each of the predictor
variables on BA in isolation using first-order ALEs that take into account the effect of all other
predictor variables. However, underlying inhomogeneities may appear when the model fits
different relationships for different locations or times. I therefore tested for inhomogeneities
by subsampling the dataset prior to ALE plotting to enable the visualisation of underlying
relationships for a subset of locations and times. The causes of these inhomogeneities were

explored using second-order ALE plots, which show the combined effect of two predictor variables

on BA.

3.3 Results

In general, all models are able to predict BA using the given biophysical predictors. However,

the inclusion of antecedent predictors significantly improves model performance.

3.3.1 Model performance

The ALL model, which includes all 50 variables, achieves an in-the-bag R? of 0.919 and OOB R? of
0.701 for the training dataset and an R? of 0.701 for the validation dataset (Fig. 3.4). Predictions

on the validation set (Fig. 3.5b) show a similar geographic pattern to the observed BA (Fig. 3.5a).
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Figure 3.4: Global climatological R? scores for the different experiments. The CURR model
is the only model that does not include antecedent conditions, and it performs much worse as
a result. Despite the fact that the ALL model contains 50 predictors, while all other models
contain just 15, it does not perform significantly better than the best models containing just
15 predictors (e.g. 15VEG_FAPAR). Note that although train R? scores are shown here, they
are not indicative of model performance on unseen data, for which the shown train OOB scores
should be used instead.

However, overprediction in the validation set relative to observed BA is more widespread than
underprediction (Fig. 3.5¢). Nonetheless, there is no bias; the ALL model predicts a mean out-of-
sample BA of 2.54 x 1073 compared to the expected 2.48 x 1073. The apparent overprediction
is the result of plotting relative (as opposed to absolute) errors, which amplifies the fact that the
ALL model does not predict very low BA accurately; out-of-sample BA predictions are no lower
than 7.39 x 1077, while the observed BA is 0 for 85.7 % of samples. Generally, the model captures
intermediate BA better than extreme BA, leading to overprediction at low and underprediction
at high BA values. Thus, more samples are over-predicted because there are more values with
low BA than high BA, leading to many instances of slight overprediction balanced by a few

instances of comparatively large underprediction (Fig. 3.6, 3.7).

To further ensure model robustness, I also compared the PFI importances computed separately
on the training and validation sets in Fig. 3.8. There is no appreciable difference between the
two, which is indicative of a lack of overfitting since the model training has not unduly prioritised
certain variables based on the training set [Dankers and Pfisterer, 2020]. Additionally, using the

variogram shown in Fig. 3.2, I carried out the B-LOO CV as detailed in Section 3.2.3 in order to
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Figure 3.5: (a) Average observed (Ob.) BA fraction (1) derived from the GFED4 BA
dataset [Giglio et al., 2013]. (b) Out-of-sample predictions (Pr.) by the ALL model on the
validation dataset. (c) Relative prediction error of the ALL model calculated by taking the
mean of the difference between observations and predictions divided by the mean observations.
While the predictions in (b) are qualitatively very similar to the observations in (a), there is
an overestimation of low BA. Areas with very low or 0 observed BA (a) are omitted (white)
from (c) to avoid division by (nearly) 0. Despite the visual exaggeration of the errors, which are
generally small, there is no overall pattern. Note that sharp data availability boundaries (e.g. in
western Asia, southern Australia) are introduced by the AGB dataset. Grey shading indicates
regions with fire data availability but where one or more of the other datasets are not available.
Light grey indicates regions where the mean BA is 0, with dark grey representing regions with
non-zero mean BA.
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Figure 3.6: Out-of-sample BA predictions by the ALL model and corresponding observations.
Note that logarithmic scales are used throughout except for the lower end of the x-axis, where a
linear scale is used.

Figure 3.7: Mean difference between the out-of-sample observed (Ob.) and predicted (Pr.; by the
ALL model) BA. The major spatial patterns follow the magnitude of mean BA (see Fig. 3.5a),
with (on average) underprediction most prevalent in regions with large mean BA and vice versa.
Note that sharp data availability boundaries (e.g. in western Asia, southern Australia) are
introduced by the AGB dataset. Grey shading indicates regions with fire data availability but
where one or more of the other datasets are not available. Light grey indicates regions where the
mean BA is 0, with dark grey representing regions with non-zero mean BA.
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Figure 3.8: PFI importances for the 15VEG_FAPAR model computed separately on the training
and validation sets. The error bars originate from the repeated shuffling of the investigated
variable.

investigate the influence of spatial autocorrelation on the 15VEG_FAPAR model (see Fig. 3.9).
The performance of the model drops as a larger region around the test samples is excluded
(with 30 pixels corresponding to ~900 km at the equator, which is the scale of autocorrelation
identified using Fig. 3.2). Beyond ~900 km, the R? score plateaus at around 0.1-0.4. Note that
the extrapolation-prevention procedure in Ploton et al. [2020] was not used here because it led to

the exclusion of certain key regions, such as central Africa, which typically have very large BA.

3.3.2 Importance of predictors

Climate variables and fuel-related vegetation indices have the strongest influence on BA in the
ALL model (Table 3.4). Both current and antecedent conditions are important. Current DD and
MaxT are ranked first and fifth, respectively, but antecedent DD also has a moderate influence
(DD 1M and DD 3M are ranked 10th and 13th in importance, respectively). Similarly, although
current FAPAR is the most important vegetation index (second), with both current SIF and VOD
occurring in the top 15 predictors, the antecedent vegetation state also has a strong influence
on BA. However, antecedent conditions >9M are not important in the ALL model. Vegetation

characteristics, such as the cover of specific plant types (TREE, SHRUB, HERB) and AGB, are
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Figure 3.9: R? scores for BA prediction on test samples for different exclusion radii around the
test samples using the 15VEG_FAPAR model. Each of the 10 lines represents the R? score for
400 test samples computed for the shown radii, where each individual test sample is chosen
randomly and surrounded by a circular region of ignored data that is not used for training, with
varying radii as shown. The disagreement between the lines is indicative of statistical uncertainty,
regional variability, and potentially different degrees of model extrapolation.

only moderately important in determining BA (all ranked below the top 15 predictors). Human
impacts, as represented by CROP and POPD, are also only moderately important globally for
BA, ranked 8th and 15th, respectively. Natural ignitions, as represented by lightning, are only

ranked 21st, suggesting that on a global climatological scale, burning is not limited by lightning.

The different importance metrics used are also in broad agreement, especially regarding the

most important predictors like FAPAR and DD (see Fig. 3.10).

3.3.3 Models with fewer predictors

The model using the top 15 predictors from the ALL model (TOP15) performs only marginally
worse than the ALL model, with an in-the-bag R? of 0.919 and an OOB R? of 0.688 for the
training dataset and an R? of 0.685 for the validation dataset. This nearly equivalent performance
reflects the fact that there is a high degree of correlation between several of the variables (Fig. 3.11)

included in the ALL model.
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Figure 3.10: Transformed variable importance metrics (Gini, PFI, SHAP, and LOCO) for the
(a) ALL, (b) ALL_NN, and (c) 15VEG_FAPAR models. The 15 most important variables (with
others omitted for clarity) are sorted by their combined importance, with the most important
on the left. Uncertainties using the standard deviation are indicated using shaded regions. The
uncertainty magnitudes differ between the metrics due to the way they are calculated; SHAP
values are calculated for every sample, Gini importances are calculated based on splits for
individual decision trees, PFI calculations are repeated after permuting the original dataset,
and LOCO importances are only calculated once. Therefore, based on the number of samples
used for their calculation, the SHAP importances are expected to have the highest variance,
followed by the Gini and then PFT importances and lastly the LOCO importances without any
quantification of the error.
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Figure 3.11: Pearson correlations between all variables used in the analysis for the time period
from January 2010 to April 2015. Especially large positive correlations exist between variable
pairs separated by multiples of 12 months and between FAPAR, LAI, SIF, and VOD. The largest
negative correlations are found between SWI and DD (instantaneous, 12 month, 24 month), SWI
and DTR, and CROP and TREE.
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Figure 3.12: Mean change in out-of-sample prediction error between the CURR and ALL models
relative to mean observations (< Ob. >). Green regions have decreased prediction error using
the ALL model compared to the CURR model and vice versa for the purple regions. Areas with
high BA (see Fig. 3.5a) tend to experience lower changes in relative prediction error. Areas
with very low or 0 observed BA (see Fig. 3.5a) are omitted (white) to avoid division by (nearly)
0. Note that sharp data availability boundaries (e.g. in western Asia, southern Australia) are
introduced by the AGB dataset. Grey shading indicates regions with fire data availability but
where one or more of the other datasets are not available. Light grey indicates regions where the
mean BA is 0, with dark grey representing regions with non-zero mean BA.

3.3.3.1 Importance of antecedent fuel-related predictors

The importance of antecedent fuel-related vegetation indices for predicting BA is corroborated
by the results from the model that only includes predictors for the current month (CURR),
where there is a large decrease in the R? for the validation dataset compared to either the ALL
(—0.123) or TOP15 (—0.107) model. The decrease in R? for the training dataset is smaller
(—0.042) than for the validation dataset, indicating that overfitting may be more of a problem in
the CURR model than in the ALL model. Analysis of the mean out-of-sample prediction error
shows that 54.7 % of grid cells are better predicted in the ALL model compared to the CURR
model (Fig. 3.12). The performance improvements (from the CURR to the ALL model) also tend
to have a larger magnitude than the performance decreases, contributing to the improvement
in the global R? score. Compared to the ALL model, fuel-related vegetation properties are less
important in the CURR model: VOD is the highest-ranked vegetation variable but is only fourth
in importance (Table 3.4).

The four fuel-related vegetation variables included in the TOP15 model are correlated with
one another (Fig. 3.11), especially on specific antecedent timescales. This suggests that it may

be unnecessary to include all these variables to capture the influence of fuel build-up on BA.
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Comparison of the models that only include current and antecedent conditions for one fuel-related
vegetation variable (15VEG_FAPAR, 15VEG_LAI, 15VEG_VOD, 15VEG _SIF) confirms this.
However, while all these models perform better than the CURR model (Fig. 3.4), only the
15VEG_FAPAR model performs similarly to the TOP15, BEST15, and ALL models. Thus,
considered on its own, FAPAR was found to be the best fuel-related vegetation predictor, followed

by LAI, SIF, and then VOD (Fig. 3.4).

The importance of including antecedent DD is borne out by the comparison of these four
experiments and the experiments that only included current DD (CURRDD_FAPAR, CUR-

RDD_LAI, CURRDD_VOD, CURRDD_SIF). In each case, the predictions for the same vegetation

predictor variable are worse (Fig. 3.4).

The BEST15 model contains the best combination of the fuel-related vegetation predictors
(current FAPAR, FAPAR 1M, LAI 3M, SIF 6M, SIF 9M), determined by optimising their
timescales. This suggests that FAPAR is most important on short timescales (current, 1M),
with the other vegetation properties appearing to be more useful on longer timeframes. The
performance of this model, with a training R? of 0.925 and a validation R? of 0.691, is only

bettered by the ALL model.

3.3.4 Current and antecedent relationships with BA

Current and antecedent states of both fuel-related vegetation properties and DD have different
impacts on BA (Fig. 3.13). Current FAPAR has a negative effect on BA, while antecedent FAPAR
has a positive effect on BA (Fig. 3.13a). The importance of current FAPAR changes most rapidly
at intermediate levels of FAPAR. The impact of antecedent FAPAR is strongest for the preceding
1 month but persists for up to 6 months; longer lags tend to produce results more similar to the
current relationship because of autocorrelation at the yearly scale. These relationships make
intuitive sense: whereas high antecedent levels of FAPAR suggest that fuel availability is not a
limiting factor, high FAPAR in the current month indicates that the vegetation has sufficient

moisture to be actively growing and is therefore less likely to burn.

85



(a) oM 1M s 3M e 6M [ OM (b)

& 30 4
1
1
25 - \
1
I 20
[a1]
m
5 15 - ‘
= |
y 10 ]
<
5 - i
0 —
‘ —
T T T T T T T T T T T T
0.05 0.16 0.30 0.45 0.62 0.90 0 2 4 6 11 406
FAPAR (%) DD (days)

Figure 3.13: First-order ALEs for different antecedent (<1 yr) relationships with (a) FAPAR
and (b) DD in the 15VEG_FAPAR model, showing the underlying relationships with BA after
accounting for all other variables. The shaded regions represent the standard deviation around
the mean of 100 ALEs, each using 122 567 random samples of the training data (~10%). Evenly
spaced quantiles were used in the construction of the plots. Labels were calculated using the
averaged quantiles of all the variables used. A clear difference between instantaneous and
antecedent relationships can be seen in both cases, with instantaneous FAPAR limiting BA
while antecedent FAPAR promotes BA and vice versa for the dry-day period. Note that the
enhancement of BA due to extreme droughts (extreme dry-day periods) is apparent across time
periods.

Current DD has a positive effect on BA (Fig. 3.13b), while antecedent DD has a generally
negative effect, except if DD is very high when the effect becomes positive again. Whereas the
positive antecedent effect of FAPAR on BA is strongest for the preceding 1M relationship and
then gets weaker, the negative impact of antecedent DD gradually becomes stronger up to 9M.
In contrast to FAPAR, dry conditions in the current month promote fire, whereas dry conditions
in preceding months reduce vegetation growth and hence fuel build-up. However, for large DD,
there was a positive relationship between DD and BA across all antecedent states on average.
This positive impact of drought becomes apparent for DD > ~10 days in the current month,
whereas the threshold is higher for antecedent months: BA only increases for DD > ~20 days

for the preceding month (DD 1M) and requires > ~40 days for DD 9M.

From Fig. 3.14a, it can be seen that the negative effects of current FAPAR are most important

in wet biomes, where the limitation of fire activity due to instantaneous moisture conditions
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(a) FAPAR (with current FAPAR)

Figure 3.14: Timescales of influence of FAPAR and DD on BA. The plots show the period that
is most important for determining BA from the 15VEG_FAPAR model for (a) FAPAR and (c)
DD. Plots (b) and (d) show which antecedent period is most important by disregarding the
influence of current conditions during plotting. Moister biomes are seen to be more influenced by
current FAPAR (a), while current DD has a large influence globally (c). Note that the maps give
no indication about the sign of the influence of the predictor on BA (see Fig. 3.15). Note also
that sharp data availability boundaries (e.g. in western Asia, southern Australia) are introduced
by the AGB dataset. Grey shading indicates regions with fire data availability but where one or
more of the other datasets are not available. Light grey indicates regions where the mean BA is
0, with dark grey representing regions with non-zero mean BA.

would also be expected to be strongest. Regions where current FAPAR has a dominant influence
due to the limitation imposed by high FAPAR on BA can also be seen in Fig. 3.15a. From
Fig. 3.14b, it is apparent that, on average, antecedent FAPAR is most important on a ~4-month

timescale.

3.3.4.1 Consistency of relationships

Consistent relationships between current or antecedent conditions and BA are generally repro-
duced in all of the RF models (Fig. 3.13, 3.16, 3.17). However, the exclusion of antecedent
vegetation predictors can lead to counter-intuitive relationships between the current vegetation

state and BA. Although the CURR model produces the expected relationship with current
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Figure 3.15: Spatial distribution of individual peak combinations for SHAP values as in Fig. 3.14.
The sign of the maximum effect on BA at a certain antecedent month is indicated in parentheses
after each month. The peak combinations are shown here such that their ordering has no
significance (i.e. 0(+)|3(+) equals 3(+)|0(+)). Dominant antecedent periods are apparent from
Fig. 3.14. Most clearly, the general limitation of BA by instantaneous DD in tropical and boreal
regions is seen in (c¢), combined with the positive effect of instantaneous DD on burning in the
remaining regions. The limitation of BA by instantaneous DD shown in (c) generally agrees
with the enhancement of BA by three-month antecedent FAPAR shown in (b), as well as the
enhancement by one-month antecedent DD in (d). Note that sharp data availability boundaries
(e.g. in western Asia, southern Australia) are introduced by the AGB dataset. Grey shading
indicates regions with fire data availability but where one or more of the other datasets are not
available. Light grey indicates regions where the mean BA is 0, with dark grey representing
regions with non-zero mean BA.

FAPAR (and SIF; Fig. 3.16a, 3.17a), the relationship between current LAI (and VOD) and BA
is initially positive and then flat (Fig. 3.16b, 3.17b); this model does not show the expected
strong negative relationship between current LAI and BA that occurs when antecedent moisture

and vegetation conditions are included.

Relationships between predictors and BA were also stable when considering the
15VEG_FAPAR_MON model (Fig. 3.18), which not only uses monthly instead of climatological

data, but also a different BA dataset. Using random CV, a validation R? of 0.501 and an OOB
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Figure 3.16: First-order ALEs for different lags (<1 yr) from all relevant modelling experiments
for the relationships between BA and FAPAR (left column) and LAI (right column). Evenly
spaced quantiles were used in the construction of the plots. Notably, the relationship between
LAT and BA is not modelled consistently by the CURR model (b), but relationships with BA
are generally consistent across models otherwise.

train R? of 0.498 were measured for this model. Excluding the years 2009-2012, a validation R?
of 0.402 and an OOB train R? of 0.507 were measured. Excluding the final years 2016-2019, a
validation R? of 0.435 and an OOB train R? of 0.505 were measured. While these R? scores are
lower than those observed for the climatological analyses, they nonetheless demonstrate that the
model is able to predict BA under multiple CV scenarios. Lower R? scores are also expected
given the higher variance of these data. Additionally, the relationships identified by this model
are highly consistent with the climatological analyses. Note also that while lightning is omitted

from this experiment in contrast to the climatological 15VEG_FAPAR experiment, lightning is
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Figure 3.17: First-order LAI ALEs for different lags (<1 yr) from all relevant modelling experi-
ments for the relationships between BA and SIF (left column) and VOD (right column). Evenly
spaced quantiles were used in the construction of the plots.

also not present in the TOP15 model, which performs similarly to the ALL and BEST15 models.
Furthermore, as shown in Fig. 3.19, the importance of lightning and its replacement, AGB, are

very similar.

3.3.4.2 Interactions

Although it is informative to consider the impact of individual predictor variables on BA, the
expression of these relationships in the real world is likely to be conditioned by interactions
with other variables. For example, low values of current FAPAR are associated with high BA
(Fig. 3.13a), but this association occurs only when antecedent FAPAR is high (Fig. 3.20). Low

FAPAR in the current month reflects unsuitable conditions for plant growth, for example during

90



(a) 15VEG_FAPAR (b) 15VEG_FAPAR_MON

40 A 50 -
g 20 A
3y
2 0] °7
; -20 A
-50
-40 -
1 1 1 1 1 1 1 1 1 1 1 1
0.05 0.16 0.30 0.45 0.62 0.90 0.03 0.12 0.26 0.43 0.60 0.92
FAPAR (%) FAPAR (%)
(c) 15VEG_FAPAR (d) 15VEG_FAPAR_MON
20 A
= 151 100 -
i
2 10 A
‘U‘J’ 5 4 50
-
< 0 -
5 0 - ™ —
. 1 1 1 1 1 1 1 1 1 1 1 1 1
0 2 4 6 11 405 0 2 4 6 8 13 1717
DD 3M (days) DD 3M (days)

Figure 3.18: First-order ALE plots showing the effect of FAPAR (a, b) and the 3-month
antecedent dry-day period (DD 3M; ¢, d) on BA in the 1I5VEG_FAPAR model (a, ¢) and the
15VEG_FAPAR_MON model (b, d) after accounting for all other variables. The shaded regions
represent the standard deviation around the mean of 100 ALEs, each using 122567 random
samples of the training data.

the dry season. Therefore, fuel build-up during the preceding months is a prerequisite for fire
to occur. The strong autocorrelation between current and preceding FAPAR values means that
the occurrence of low current FAPAR coupled with high antecedent FAPAR is not widespread,
being largely confined to shrublands in Africa. However, there is a significant interaction between
current DD and current FAPAR (Fig. 3.21), with positive reinforcement of their mutual influence
on BA when DD is high and FAPAR is low and a negative influence on BA when DD is high

and FAPAR is high.

3.3.4.3 Geographically varying timescales of importance

The timescales of both fuel build-up and fuel drying are influenced by fuel type and are therefore
expected to vary across biomes. Current fuel-related vegetation properties, such as FAPAR

(Fig. 3.14a), have an important effect in tropical regions, particularly dry tropical regions, but
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Figure 3.19: Sorted variable importance metrics (Gini, SHAP, PFI, and LOCO) for the ALL

model, with the highest variable importance according to each metric on the left. The dotted
red line indicates the 15th variable. Uncertainties are calculated using the standard deviation

and indicated using the shaded regions.



0.90

0.72
0.62
4
< 053 10
< 103 o
S 045 Fr
—_ — — 2 Q
g 3 o 0.37 107 2
s n § 0.30 10t 8
~—
x S w022 100
% 5 0.16
w P |

0.11
0.05

0.05 0.16 0.30 0.45 0.62 0.90
FAPAR (%)

0.05 0.11 0.16 0.22 0.30 0.37 0.45 0.53 0.62 0.72 0.90
FAPAR (%)
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and second order modelled effects of FAPAR and FAPAR 1M on BA from the 15VEG_FAPAR
model, taking into account all other variables. Grey boxes indicate missing data. (Right) sample
count matrix, which demonstrates the correlation between the variables, and thus shows that
samples are unlikely to fall into the top-left or bottom-right bins. Evenly spaced quantiles were
used in the construction and labelling of the plots. It can be seen that the combined effect of
FAPAR and FAPAR 1M on BA is positive if FAPAR is low while FAPAR 1M is high.
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and second order modelled effects of DD and FAPAR on BA from the 15VEG_FAPAR model,
taking into account all other variables. (Right) the diagonal structure of the sample count matrix
demonstrates the anticorrelation between these variables. Evenly spaced quantiles were used in
the construction and labelling of the plots.
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are less important in temperate forest regions. Antecedent FAPAR (Fig. 3.14b) is important
in most regions, with the strongest influence from the antecedent 3—6 months. Current DD
(Fig. 3.14c) is generally more important than antecedent DD, although the impact on BA varies
geographically: tropical and boreal regions show decreased BA as a result of low current DD,
while northwestern Australia, extra-tropical Africa, the Cerrado of Brazil, and the western USA
experience increased burning as a result of high current DD (Fig. 3.15c). The timescale on which
antecedent drought affects BA (Fig. 3.14d) is more variable than that for fuel-related vegetation
properties, ranging from 1-3 months in boreal forests, parts of sub-Saharan Africa, and northern

Australia, to ~4 months in the tropics and ~6 months or longer in more arid regions.

3.4 Discussion

I will first discuss the RF model prediction performance relative to earlier studies and the
importance of the predictors. Next, I will consider possible limitations of the models that may

affect these conclusions before finally discussing the underlying relationships with BA.

3.4.1 Model performance

Overall, the RF models were able to predict BA well using the available biophysical predictors,
with the inclusion of antecedent predictors improving performance in addition to the expectedly
significant climatic dry-days and temperature variables. Using a combination of regional neural
networks trained on fewer variables at a coarser spatial resolution of 1° x 1°, Joshi and Sukumar
[2021] found a global R? score for BA prediction of 0.36. An earlier study by Thomas et al. [2014]
considered an R? score of 0.6 to indicate a robust prediction. My results compare favourably
to both, with e.g. the ALL model achieving an R? of 0.701 on the validation dataset. However,
it was observed that intermediate BA is captured better than extreme values. The model may
struggle to predict 0 BA because the RF model consists of many smaller decision trees. All 500
individual models would have to predict 0 to yield this value overall, which does not appear to

occur given the stochastic nature of the training process. Failure to capture extreme events well
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is likely due to their rarity, resulting in the absence of comparable training data [see also e.g.

Joshi and Sukumar, 2021].

Investigating the influence of spatial autocorrelation in a B-LOO CV analysis of the
15VEG_FAPAR model further reinforced the robustness of the RF models. Since key regions,
such as central Africa, with typically very large BA, would have been excluded by employing the
extrapolation-prevention procedure in Ploton et al. [2020], this was not used here. While this
did enable global coverage of the B-LOO CV analysis, the RF model was forced to extrapolate
to a greater extent as the exclusion radius increased, leading to overly pessimistic performance
estimates. This, along with the fact that extreme events tend to be poorly captured by the model,
an effect which is likely exacerbated by the dearth of training data for the largest exclusion radii
in the B-LOO CV procedure, accounts for the lower end of the observed B-LOO CV R? values.
While the RF performance did drop as more samples around the test samples were excluded from
the training set, the R? score plateaued at around 0.1-0.4 beyond ~900 km instead of dropping

to 0 as in Ploton et al. [2020], thereby indicating the robustness of my model.

3.4.2 Importance of predictors

The finding that fuel build-up on timescales longer than a year is not an important predictor
of BA may initially be surprising given that fuel build-up as a result of fire suppression has
been linked to large and catastrophic fires [e.g. in the USA; Marlon et al., 2012, Higuera et al.,
2015, Parks et al., 2015]. The failure to detect an influence of longer-term fuel build-up on BA
probably reflects the short time interval (1-2 yrs) considered for antecedent fuel build-up, far
shorter than the timescales of coarse fuel build-up in these ecosystems. Since mega-fires have not
been excluded from this analysis, with their BA being part of the BA datasets used, the short
time interval implies that the drivers of such events cannot be disentangled satisfactorily. The
seasonal differences captured by my analyses may also be unimportant in regions where long
fire return intervals (FRIs) (or fire suppression) allow fuel build-up over longer periods. Wetter

forests with long FRIs may be more affected by longer-term moisture deficits [Abatzoglou and
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Kolden, 2013] that are not captured in the limited time period analysed. My results do not
support the finding of Alvarado et al. [2020] that the total rainfall in the 24 months leading
up to the end of the dry season is most correlated with BA in fuel build-up limited tropical
savannahs. However, van der Werf et al. [2008] used 13 months of fuel accumulation before the
peak of the fire season to investigate herbaceous fuels since this typically includes most of the
precipitation contributing to the growth of annual herbaceous plant functional types (PFTs).
This supports my findings regarding the importance of fuel build-up on timescales < 2 yrs. It
would be worthwhile to re-examine the influence of longer timescales on BA when longer datasets
are available, as, even when considering the ~20-year-long MODIS record (which I do, using
the 15VEG_FAPAR_MON model), I am strongly limited by the available data. Thus, it is not
surprising that the relationships fit by the climatological models and the longer-term monthly
15VEG_FAPAR _MON model agree, thereby indicating that there is more information from the

geographic patterns common to all models.

Predictability in boreal ecosystems is expected to remain very limited because the FRIs are
many times longer than the currently available time series, so there is a very large stochastic
component. The lower performance of my monthly 15VEG_FAPAR_MON model with over
19 years of data, in addition to the limited predictability of boreal regions found by Joshi
and Sukumar [2021] despite their use of 14 years of data, both support this. The effect of El
Nino/Southern Oscillation (ENSO)-driven climate variations on fire activity [Chen et al., 2017]
is also likely to be dampened by the use of climatological averaging of the underlying monthly
data to an average year. Furthermore, the monthly analysis that was performed (using the
15VEG_FAPAR_MON model) was also performed on variables selected using results from the
climatological analyses. Additional analyses of monthly data with a more flexible set of predictor

variables may therefore be able to detect sub-decadal to decadal antecedent effects.

My analyses are also impacted by the influence of previous fires on current vegetation
conditions. Burnt grid cells could have a lower FAPAR, for example, as a result of prior burning

within the current month. This is a problem because I am solely interested in how pre-fire
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vegetation conditions affect BA. The temporal and spatial scales of the analysis are responsible
for this: a monthly analysis cannot resolve processes that occur on the order of days. Further,
previous fires impact the spatially averaged vegetation properties in each grid cell. On average,
this impact will scale with the burnt fraction of the affected grid cell. In savannah regions of
Africa and northern Australia, roughly 10 % of a given 0.25° grid cell may burn per month.
This could affect the averaged values of vegetation properties used in my analyses. Analysis
using a finer spatial scale would counteract this spatial smoothing by allowing burnt pixels
to be ignored so that predictor values could be estimated only from unburnt pixels instead.
Using a finer temporal resolution would allow the calculation of predictor variables only up to
the time of burning. In practice, however, while many variables (e.g. MODIS-based vegetation
variables) are available at finer resolutions, the lack of accurate and reliable fire statistics at finer
scales [Abatzoglou and Kolden, 2013] limits the temporal and spatial resolution that can usefully

be analysed.

Although the limitation of the spatial (and temporal) resolution of the observations could
impact the realism of my models, as could the omission of variables that affect fuel build-up,
the consistency of the vegetation relationships shown by all the models including antecedent
conditions indicates that processes related to fuel build-up are adequately represented by the
chosen set of predictors. The various importance metrics used here typically agree, especially

regarding the importance of the most significant predictors like FAPAR and DD.

The TOP15 model, which used only the top 15 predictors from the ALL model, performed
only marginally worse than the ALL model using all 50 predictors, indicating that the inclusion of
extra predictors in the ALL model does not improve predictive capability. While this undoubtedly
reflects the high correlation (and therefore little added information upon their simultaneous
inclusion) between many of the variables used in the ALL model, it is also indicative of the fact
that it is not necessary to include multiple fuel-related vegetation variables in order to predict BA
on the global climatological scales considered here, provided that both current and antecedent

conditions are taken into consideration. The removal of predictor variables is also likely to reduce
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overfitting in the TOP15 model compared to the ALL model [Runge et al., 2019, Nowack et al.,

2020, Joshi and Sukumar, 2021].

The 15VEG_FAPAR model performs the best out of all the models that only include a single
fuel-related vegetation variable on current and antecedent timescales, indicating that FAPAR is
most suitable for BA prediction on the global climatological scales investigated here. However, all
four fuel-related vegetation predictors produce reasonable results, and other predictors (e.g. VOD)

have been found to be important in other empirical modelling studies [e.g. Forkel et al., 2017].

The low importance of the landcover of specific plant types and AGB for BA prediction may
be explained by the fact that these data are only yearly (landcover) or static (AGB). Further, it
is likely that the monthly remotely sensed vegetation proxies like FAPAR, in combination with
temperature and dryness, sufficiently delineate biomes for the purpose of this investigation so as

to make the inclusion of land cover information redundant.

The good performance of models including FAPAR is due to the fact that the parts of the
world responding most strongly to FAPAR OM and FAPAR 1M tend to be fuel-limited, dry
biomes where herbaceous vegetation is abundant. These account for the majority of global
BA [Giglio et al., 2013] and therefore influence my globally averaged model performance metrics
the most. Compared to VOD, the normalised difference vegetation index (NDVI) is expected
to be more sensitive to variations in herbaceous as opposed to woody vegetation [Andela et al.,
2013, van Marle et al., 2016]. FAPAR can be related to NDVI given certain corrections [Myneni
and Williams, 1994, Andela et al., 2013, van Marle et al., 2016]. Thus, the importance of FAPAR
may be due to an enhanced response to variations of herbaceous vegetation compared to the
other vegetation variables used. The importance of regions experiencing frequent fires for globally
averaged performance metrics is supported by previous analyses, which have found predictability
in regions with infrequent fires, like boreal regions or Europe, to be poor in contrast to regions

with more frequent fires [e.g. Joshi and Sukumar, 2021].
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3.4.3 Underlying relationships with BA

While current FAPAR, was observed to have a negative effect on BA on average, and vice versa
for antecedent FAPAR, dry conditions (high DD) in the current month promote fire, with
antecedent dry conditions likely to reduce vegetation growth and hence fuel build-up. These
results are mostly consistent with previous studies, such as Kahiu and Hanan [2018], who found
that prolonged dry-day periods limited fire activity in sub-Saharan Africa, likely due to restricted
fuel availability. On average, a positive relationship between DD and BA was observed for large
DD across all antecedent states. This suggests that large antecedent DD may reflect prolonged
droughts extending into the current month, thereby increasing fuel flammability and promoting
fire by outweighing the effect of restricted fuel availability due to lower antecedent vegetation

growth.

Despite the intuitive nature of the individual underlying average relationships fit by the RF
models, e.g. between DD and BA, these relationships are variable across space and time due to
interactions with other variables. For example, low current FAPAR was observed to lead to high
BA predominantly for high antecedent FAPAR, indicating the combined positive influence of
antecedent fuel build-up and instantaneous conditions leading to low FAPAR (e.g. during the dry
season). The increased BA for high DD and low FAPAR is consistent with strong drought-induced
fire in low-productivity environments of sub-Saharan Africa, northern Australia, and isolated
regions bordering the African tropical rainforests. These findings therefore support previous
results, e.g. by van der Werf et al. [2008] for Australia, where it was found that antecedent
precipitation coupled with instantaneous drying was important for fire activity. Decreased BA as
a result of increased DD and increased FAPAR is likely a sign of high-productivity environments

that are not fire-prone, despite occasional droughts.

There is only a moderate negative correlation between (antecedent) DD and the vegetation
variables (see Fig. 3.11). Furthermore, the most important timescales vary between DD and
FAPAR (see Fig. 3.14a and 3.14c), with DD being most important near the current month and

FAPAR generally being more important on timescales of 3—6 months. This indicates that these
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two variables (and similarly DD compared to the other vegetation variables) represent different
underlying processes, with DD being more responsible for short-term fuel drying and FAPAR
more responsible for fuel build-up. Compared to current-month DD, antecedent DD is less
important across models (see Table 3.4). This is corroborated by the dominance of short-term
influence in Fig. 3.14c. From the likely differences in underlying processes represented by the
current-month FAPAR and current-month DD, it follows that antecedent DD also represents
subtly different processes from the antecedent FAPAR, again corroborated by the differences

between Fig. 3.14b and 3.14d.

In wet biomes, where instantaneous moisture conditions would also be expected to limit
fire activity the most, the limiting effects of instantaneous FAPAR were found to be the most
important (see Fig. 3.14a). This panel also has strong similarities with the results of Boer et al.
[2021], with moisture-limited (dryness-limited) regions they identified corresponding broadly
to the regions where instantaneous FAPAR is dominant due to the limitation imposed by high
FAPAR on BA (see Fig. 3.15a). In these regions, instantaneous conditions reduce the fuel
available to burn due to moisture, and antecedent conditions are less important due to the lack
of a seasonal fuel build-up pattern. This then shows that in moisture-limited regions, dry events

are important for enabling fire.

Fuel build-up and fuel drying timescales were found to vary across biomes, presumably due to
fuel type variations. Fuel-related vegetation properties on instantaneous timescales were found
to be important in tropical regions but less important in temperate forest regions. The strongest
influence of antecedent FAPAR originated from the antecedent 3-6 months in most regions.
Regionally, the most significant timescales of antecedent drought were found to vary more than
for fuel-related vegetation properties, with 1-3 months in boreal forests, parts of sub-Saharan
Africa, and northern Australia, to ~6 months or longer in more arid regions. This supports the
findings of O et al. [2020], who found that more arid regions are predominantly influenced by
positive soil moisture anomalies around 5 months before fire, likely indicating increased biomass

(fuel build-up), while less arid regions are more influenced by negative soil moisture anomalies
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1 month before fire occurrence that indicate fuel drying. In some arid regions, e.g. the Sahel
and Australia, Krawchuk and Moritz [2011] found a positive relationship between 1-2 month
antecedent soil moisture and fire activity, perhaps due to rapid fuel drying or human influence
(see also [Archibald et al., 2009]). This can be seen in Fig. 3.15d (peak ‘1(+)’), although both
missing data due to multiple interfering peak combinations and other significant peaks (e.g. 6(-))
are also apparent in these regions. This positive influence of DD 1M (i.e. peak 1(+4)) can be
interpreted considering the influence of DD 1M on BA shown in Fig. 3.13b. There are two dryness
regimes featuring a positive influence of DD 1M on BA: for low DD 1M (i.e. high one-month
antecedent moisture) and for very large DD 1M. Considering that Fig. 3.13 concerns globally
averaged relationships, the low DD 1M regime likely corresponds to the rapid fuel build-up and

drying effect that may be present in arid regions.

3.5 Conclusions

By using random forest algorithms to model the dependence of BA on multiple climatic and
biophysical variables, I have shown that antecedent vegetation conditions that influence fuel
build-up and antecedent conditions that influence fuel drying significantly improved model
performance when predicting BA in a given month. FAPAR was shown to be the most significant
vegetation variable, and only a single vegetation variable is required for accurate BA prediction
if antecedent conditions are included. Dry-day period and maximum temperature were the most
significant climatic variables influencing BA. This supports previous studies that have shown
that current climate and vegetation properties are important overall determinants of BA [e.g.
Aldersley et al., 2011, Bistinas et al., 2014, Forkel et al., 2017, 2019a, Joshi and Sukumar, 2021,
Haas et al., 2022]. The influence of antecedent climate conditions on both fuel build-up and
fuel drying has also been identified as crucial in many regions [e.g. Griffin et al., 1983, Swetnam
and Betancourt, 1998, Van Wilgen et al., 2000, Westerling et al., 2003, Randerson et al., 2005,
Spessa et al., 2005, van der Werf et al., 2008, Archibald et al., 2009, Krawchuk and Moritz, 2011,

Jenkins et al., 2020]. Indeed, the geographical patterning of BA can be linked to the spatial
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variability of fuel loads and fuel moisture [Archibald et al., 2009, Boer et al., 2021].

My model-based analyses allowed the immediate and antecedent impacts of fuel loads and
fuel dryness on BA to be distinguished while also allowing their relative contributions to be
determined. I have further shown that current and antecedent conditions can influence BA
in opposite but intuitively understandable ways: for example, wet conditions in antecedent
months lead to more fuel build-up in fuel-limited regions and promote increased BA, whereas wet
conditions during any given month reduce fuel dryness and thus limit BA. Furthermore, I have
demonstrated that antecedent conditions >1 year are not important on a global scale. A similar
conclusion was reached by Forkel et al. [2017]. Important and intuitive interactions between
instantaneous and antecedent variables were captured by the RF models, for example supporting
previous findings that increased antecedent productivity (FAPAR) coupled with instantaneous

drying (Dry Days) promotes fire activity [e.g. van der Werf et al., 2008].

A clear contrast between fuel- and moisture-limited regions was also identified using the spatial
variation of the relationship between the antecedent FAPAR and BA. The critical timescales
involved varied depending on vegetation type; longer timescales (~4 months) were more important
for fuel build-up in temperate regions, while recent conditions were more important for fuel
drying in the tropics. The effect of vegetation variables is also biome-dependent because of
differing climatic constraints. The duration of the dry-day period in the current month had
the greatest impact on BA, but antecedent DD was also important, particularly in temperate

regions.

Future work could re-calibrate the model hyperparameters for each set of variables to
potentially improve their performance. Approaches like B-LOO CV or my combined variable
importance metric could also be used more extensively to select the predictor variables and
potentially tune the model hyperparameters, given that these methods are currently very
computationally intensive. The findings presented here—illustrating the importance of fuel-
related vegetation properties for the prediction of BA—also support calls for more detailed data

about fuel, human impacts on fuel structure, and how fire-relevant plant traits are affected by
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vegetation changes [Archibald et al., 2018, Forkel et al., 2019b]. Finally, the findings presented
herein have the potential to improve the modelling of fire at a global scale in order to improve

the way that Earth System Models depict the interactions between climate, vegetation, and fire.
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Chapter 4

Development of a New INFERNO

Flammability Parametrisation
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Abstract

Empirical fire models represent underlying processes that control lammability using statistical
relationships, in contrast to the typically less parsimonious process-based fire models that employ
more detailed representations of the processes governing fire ignition and spread. Nonetheless,
empirical models such as the INteractive Fire and Emission algoRithm for Natural envirOnments
(INFERNO) have matched the performance of process-based fire models at the global spatial
and decadal temporal scales they were designed for. However, recent analyses have shown
that the phase performance of fire models is one of the areas with the most potential for
improvement. With the representation of the underlying relationships between vegetation and
flammability having been identified as a particular area for improvement as opposed to the climatic
relationships, I developed a new flammability parametrisation for the empirical INFERNO fire
model, with an emphasis on the parametrisation of fuel build-up and drying and the phase of
burning. While maintaining the parsimonious nature of the standard INFERNO model, the
newly developed Sigmoidal INFERNO (SINFERNO) models made use of flexible sigmoidal
underlying relationships to generally improve the modelled burnt area (BA), especially in regions
with typically low BA. Multiple parametrisations were investigated for dryness (dry-days and
vapour pressure deficit (VPD) and precipitation) and fuel build-up (antecedent net primary
productivity (NPP) and a re-parametrised carbon pool based on the Joint UK Land Environment
Simulator (JULES) carbon pool). At a global scale, there were improvements to both the
magnitude (normalised mean error (NME)) and the phase (mean phase difference (MPD)) of
the predicted BA, with the parametrisation using VPD and precipitation and the carbon pool

performing the best.
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4.1 Introduction

The INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO) is an
empirical fire model currently used by the community based on the parametrisation suggested by
Pechony and Shindell [2009], which relates the flammability of fuel to several biophysical variables
such as vapour pressure deficit (VPD), soil moisture, and precipitation (see Section 1.5.1). I
redesigned the flammability calculations from the ground up in order to maintain the original

parsimonious nature of INFERNO while allowing different variables to be used.

4.1.1 Application of previous results to a new flammability parametrisation

Using the insights gained from analysis of the climatological biophysical drivers of burnt area (BA)
presented in Chapter 3, INFERNO’s flammability parametrisation was improved as set out
below, to yield the Sigmoidal INFERNO (SINFERNO) model. The previous parametrisation
was enhanced by considering plant functional type (PFT)-specific relationships to variables
such as (potentially antecedent) vegetation productivity and temperature. This was done to
improve the magnitude of modelled BA, especially in regions with low BA, and particularly
the timing of burning. As set out in Knorr et al. [2014], sigmoidal relationships to biophysical
variables will be used in SINFERNO due to their ability to represent different functional forms,
e.g. step-like or exponential. Also, while Satellite Observations to predict Flre Activity (SOFTA)
models [Forkel et al., 2017] similarly used modified logistic functions, my approach includes an
additional parameter in order to avoid discontinuities for a more physical representation. Two
dryness and two fuel build-up parametrisations will be investigated, based on results presented
in Chapter 3 or utilising new variables at sub-daily temporal resolution such as the VPD. While
Chapter 3 did not show the relative proportion of different vegetation types to be significant
for the prediction of global BA, the underlying relationships between the other investigated
vegetation and climate variables varied significantly between regions. These regions were largely
delineated by the type of vegetation present. Therefore, parameters in SINFERNO will be made

PFT-dependent by using the following three PFT-groups: grasses, herbs, and trees, in accordance
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Table 4.1: The different SINFERNO models.

Scheme  Dryness parametrisation Fuel build-up parametrisation
Al Dry-days Antecedent NPP

A2 Dry-days Carbon pool

B1 VPD and precip (‘Dry Bal’) Antecedent NPP

B2 VPD and precip (‘Dry Bal’) Carbon pool

with the grouping scheme used in the original INFERNO for the PFT-specific BA. This grouping

was also chosen to improve interpretability while reducing computational complexity.

4.2 Methods

Two dryness parametrisations were explored, using either the dry-day period (hereafter ‘A’) or
a combined approach using both VPD and precipitation (‘B’). Fuel build-up was parametrised
using either antecedent productivity (hereafter ‘1’) or a simple litterfall model (‘2’). Alternately
combining these parametrisations yielded four different models: SINFERNO-A1, SINFERNO-
A2 SINFERNO-B1, and SINFERNO-B2 (see Table 4.1 for an overview). To optimise model
parameters with respect to observed BA data, a composite approach was taken, using basin-
hopping [Li and Scheraga, 1987, Wales and Doye, 1997, Wales and Scheraga, 1999, Wales,
2003, Olson et al., 2012] (terminated by local minimisation) along with distributed Bayesian
optimisation [Bergstra et al., 2013]. Basin-hopping was chosen as the primary optimisation
algorithm due to its ability to efficiently find minima in high-dimensional space and its applicability

to wide subject areas [Olson et al., 2012].

4.2.1 Optimised metrics

Comparison of modelled outputs to observed BA data made use of metrics previously used in
Kelley et al. [2013], notably the normalised mean error (NME) and mean phase difference (MPD).
Compared to the normalised mean square error (NMSE), which provides the same information

as the Nash-Sutcliffe model efficiency [Nash and Sutcliffe, 1970], the NME uses mean as opposed

107



(a)

(b) Raw BA Data (GFED4 Clim)

102 _

100 -

10—2 .

10—4 .

10—6 -

10—8 .

arcsinh
arcsinh(data x 1e4)

log

= grcsinh(data x 1e8)
1

T T
107! 102 10° 108

Log (BA>1e-9)

10°

104

103

10?2

10t

10°

T T T !_
0.00 0.01 0.02 003 004 005 0.06
raw BA
(d) Inverse Hyperbolic Sine

10! +

(e)

Inverse Hyperbolic Sine

10°

104

103

10?

10!

10°

0 1 2 3 4 5 6 7
(BA x 1.0e+04)

Inverse Hyperbolic Sine

10°

104

103

102

10!

10°

Figure 4.1: Example transformations applied to climatological GFED4 BA data. The log and
arcsinh transformations are shown in (a), with their application to the raw BA data shown in
(b) visualised in plots (c)—(f). The effect of varying the factor 7 (see Eq. 4.1) is apparent when
comparing the untransformed distribution in plot (b) to the curves shown in panels (d)—(f).
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to squared deviations, making the NME less sensitive to extreme values [Kelley et al., 2013].
Fourth-generation global fire emissions database (GFED4) BA data were used as the optimisation
target (see also e.g. [Driike et al., 2019]). The composite loss comprised of arcsinh-NME and
MPD was minimised to determine optimal model parameters. The arcsinh-NME metric describes
the NME error after data transformation using the inverse hyperbolic transformation. This
was used to assign a higher relative importance to regions with BA orders of magnitude lower
than the maximum observed BA (e.g. typically in boreal regions), similar to the log transform.
This was done to derive a flammability parametrisation which was valid globally instead of
predominantly in regions with the highest BA. As shown in Fig. 4.1, there is a clear parallel
with the more commonly used log transformation depending on the factor 7 used when mapping

the input x to the transformed variable ¥, as shown in the equation below:

y = arcsinh(7x). (4.1)

For 7 =1 (i.e. the standard arcsinh transformation), Fig. 4.1a shows that the log and arcsinh
transforms are equivalent for inputs > 1. However, the advantage of the arcsinh transformation
as opposed to the log transformation is that it is defined for x = 0. By altering 7, the relative
‘importance’ of input values x < 1 can be greatly enhanced. During the model optimisation
presented here, the value 7 = 10% was chosen heuristically based on the experiments presented in
Fig. 4.1 by balancing the requirement for zeros to be represented while maintaining a shape for

the remainder of the distribution similar to the logarithmic distribution (as shown in Fig. 4.1c).

4.2.1.1 Previous model implementation sources

The existing INFERNO and Joint UK Land Environment Simulator (JULES) implementations
served as a starting point for some of the numerical implementations presented herein, with the
underlying relationships between driving variables and flammability used by INFERNO shown in
Fig. 4.2. The Fortran code implementing JULES (and INFERNO) can be found at the Met Office

source code repository https://code.metoffice.gov.uk/trac/jules (registration required).
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Figure 4.2: Underlying relationships between driving variables and flammability (a)—(e) and
ignitions (f) used in INFERNO. Note that the relationship with population density only applies
if ignition mode 3 is used. Source: Fig. Al from Mangeon et al. [2016b], licensed under CC BY
3.0.

JULES documentation is located at http://jules-1sm.github.io/. Key sources regarding the
current INFERNO implementation are Clark et al. [2011], Mangeon et al. [2016b], and Burton
et al. [2019]. JULES version 5.4 was used, with the source code stored in main/branches/dev/
alexanderkuhnregnier/vnb.4_antecedent_fapar_5_4 at revision r20157, accessible via the
Met Office JULES source code repository. The u-cq574 Rose suite at revision 235535 contains
the configuration used and is accessible via the Met Office JULES Rose suite repository (https:
//code.metoffice.gov.uk/rosie/u/ (registration required)). While the JULES version used
does include all major recent developments of the INFERNO fire module, this cannot rule out
the fact that later versions may have improved upon the simulation of key vegetation properties
like the fraction of absorbed photosynthetically active radiation (FAPAR), for example. However,
from reviews of code changelogs (available at http://jules-1sm.github.io/), it appears that
changes should not affect my results, with certain relevant subsequent changes (e.g. modifications
to soil evaporation modelling in version 6.0) also likely to require tuning of new parameters,
which is outside the scope of this work similarly to the tuning of the numerous existing parameters
within version 5.4. Changes to the INFERNO fire module were made in version 7.0 to implement

the Human Development Index (HDI)-based treatment of human impacts as proposed by Teixeira
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Figure 4.3: Estimation of the dry-day period calculation threshold. This threshold was used to
calculate the JULES-based dry-day period. The ERA5 dry-day period, as used in Chapter 3,
was used here to calculate the R? score (blue) and therefore the ideal scaling factor (green) for
the year 2003.

et al. [2021]. However, in the Python SINFERNO model developed here, cropland cover was
used to capture human impacts (see Section 4.2.6) instead of population density (POPD) or

HDI.

4.2.2 Available JULES data

Both gross primary productivity (GPP) and net primary productivity (NPP), FAPAR, and
leaf area index (LAI) are calculated within JULES for each PFT. After being spun up during
2000-2001 until the soil carbon pools converged, the JULES model was run on a 1-hour timestep
for the years 20002016 (inclusive), with data being exported every 4 hours, as this was deemed
sufficient to capture the main processes of interest without demanding too much data storage

space or computational cost for analysis.

4.2.3 Dryness parametrisation
4.2.3.1 Dry-day period

The first dryness parametrisation, approach ‘A’, used the dry-day period calculated from 4-hourly
mean precipitation data. Unlike the monthly dry-day period used in Chapter 3, which was

calculated from daily mean precipitation data, this calculation yielded a dry-day period for
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every 4 hours. As opposed to optimising the dry-day period threshold alongside other fire
model parameters, I chose to pursue a physically accurate representation of the dry-day period
using a fixed wetting precipitation threshold that is calculated in advance. This threshold
was heuristically determined (see Fig. 4.3) to be ~1.0 based on comparisons to the dry-day
period derived from ECMWEF Reanalysis 5th Generation (ERA5) data and calculated using the
methodology from Chapter 3.

For each grid cell, JULES precipitation was first accumulated to daily sums using a moving
sum before the accumulated precipitation threshold was applied:

1. Combine the JULES ‘ls_rain’ and ‘con_rain’ variables: inferno_rain = Is_rain 4 con_rain.

2. Calculate the daily moving sum of precipitation:

t
CUM_RAIN; = Z inferno_rain,, (4.2)

max((t—day_timesteps, 0))

where t is the timestep index, and day_timesteps is the number of model timesteps per day.
3. Calculate the dry-day period (in timestep units, i.e. seconds) from ¢ = 0 to ¢ = tyax In

turn:

0 CUM_RAIN; > threshold

dry_days; = 0 t=0 (4.3)
otherwise.

dry_days;_1 + timestep otherwise

4.2.3.2 VPD and precipitation

Dryness parametrisation ‘B’ used a combination of VPD and precipitation, where VPD controls
fuel drying and precipitation re-wets the fuel. VPD was chosen to represent fuel drying due to
its intuitive interpretation as atmospheric dryness [Fu et al., 2022] and good performance in
previous fire modelling studies [Driike et al., 2019]. The VPD was calculated following Pechony
and Shindell [2009], matching the original INFERNO and Driike et al. [2019], for example. The

Dry_bal variable resulting from the combination of VPD and precipitation therefore represents

112



Table 4.2: Possible discrete parameter values for the ‘B’ dryness parametrisation (applicable to
each PFT-group).

Parameter Possible values

rain_f 0.1, 0.35, 0.6
vpd_f 50, 125, 200

a balance between the two processes of fuel drying and wetting, controlled by the PFT-group-
specific factors rain_f and vpd_f, which scale the impact of precipitation and VPD, respectively.
These factors represent the different behaviours of the dominant fuel classes that are associated
with each PFT-group. Calculation of Dry_bal from VPD and precipitation was carried out as

follows for every grid cell from ¢ = 0 to ¢ = typax in turn:

0 t=20
PrevDry_bal; ; = (4.4)

Dry_bal;;—1 otherwise

& = PrevDry_bal; + rain_f; - CUM_RAIN; — (1 — ¢~ vPd-liVFPDr) (4.5)

,

-1 z<-1

Drybali; =9 1 2>1 (4.6)

x  otherwise,
\

where CUM_RAIN; refers to the daily moving sum of precipitation at timestep t calculated using
Eq. 4.2, and ¢ denotes the PFT-group. Note that the VPD for each PFT-group was calculated
as the mean VPD over the PFTs in each PFT-group, since JULES outputs several PFT-specific

variables used in the calculation of VPD.

Parametrisation ‘B’ required two ‘discrete’ sets of parameters, rain_f and vpd_f, each with
three parameters, one per PFT-group. To limit computational complexity, these parameters
were constrained to a preset discrete selection since for each chosen set of parameter values, the
Dry_bal variable needs to be recalculated, which is orders of magnitude slower compared to BA

prediction itself given a set of model parameters for several reasons:
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(a) Obs FAPAR « JULES FAPAR

-10.0

(b) Obs FAPAR « JULES NPP

-10.0

Figure 4.4: Comparison of (a) JULES FAPAR and (b) JULES NPP to observed FAPAR.
Climatological variables on a monthly timescale were compared on a per-pixel basis to evaluate
product similarity using the R2.

e The Dry_bal variable is calculated using 4-hourly data instead of the weekly—monthly data
used for SINFERNO. This alone accounts for over one magnitude of computational cost.
e Additional data (at 4-hourly temporal resolution) need to be loaded to enable the calculation

of Dry_bal.
Optimising the rain_f and vpd_f parameters using local minimisation is therefore unfeasible. The
possible values (applicable to each PFT-group separately) are shown in Table 4.2. These were
heuristically derived using visualisations of the Dry_bal variable at various locations for several
values of rain_f and vpd_f, which provided insight into the plausible range of each parameter.

Such discrete parameters were optimised using a separate optimisation scheme (see Section 4.2.7).

4.2.4 Fuel build-up parametrisation

Fuel build-up was parametrised using either antecedent JULES NPP (‘1’) or a simple soil carbon

pool model based on JULES litterfall (‘2’).
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Table 4.3: Possible discrete parameter values for the ‘1’ fuel build-up parametrisation (applicable
to each PFT-group).

Parameter Possible values

fuel n_samples 96, 498, 900, 1302

4.2.4.1 Antecedent NPP

In Chapter 3, antecedent vegetation productivity was found to be important for build-up.
Antecedent FAPAR was found to perform the best when considering a single fuel build-up proxy
globally. However, as shown in Fig. 4.4, both JULES NPP and FAPAR do not correspond well
to observed FAPAR. JULES FAPAR especially lacked the expected seasonality and magnitude.
Therefore, I decided to use the modelled JULES NPP in the fuel build-up parametrisation (fuel
build-up scheme ‘1’). This involved temporally shifting the NPP by a PFT-group-dependent
temporal offset.

Parametrisation ‘1’ therefore required a single discrete set of parameters, fuel n_samples, with
one parameter per PFT-group. The possible values during parameter optimisation (with the
same possible values for each PFT-group) are shown in Table 4.3. These values were derived
using the range of significant antecedent fuel build-up impacts observed in Chapter 3. Given the
4-hourly timestep of the data used, 96-1302 samples equate to 16-217 days, which corresponds
to the range of months found to be significant in Chapter 3. Additionally, a shorter half-monthly
temporal interval was investigated here, which was not possible in Chapter 3 due to the monthly

data used there.

4.2.4.2 Litterfall soil carbon pool model

The second fuel build-up parametrisation (scheme ‘2’) involved a litter pool model based on the
JULES litter pool formulation as defined in Sitch et al. [2003]. The litter carbon due to leaf
turnover, temperature, and soil moisture affects the soil carbon pool, together with the PFT-
dependent factors litter_tc and leaf_f, which scale the rate of decomposition of the stored carbon

and the fraction of leaf litter added to the pool, respectively. The aim of this re-parametrisation
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Table 4.4: Possible discrete parameter values for the ‘2’ fuel build-up parametrisation (applicable
to each PFT-group).

Parameter Possible values

litter_tc 1x10710 55%x 10710 1 x 107?
leaf_f 1x107% 55%x107% 1x 1073

of the existing JULES soil carbon pools is to allow fire-specific carbon dynamics to be represented.
Spin-up of the soil carbon pool was performed for the year 2000 for each grid cell separately until
the fractional difference between the current and previous iterations was below 0.1 %. Thereafter,

the soil carbon pool was calculated for the full 17-year timespan of the analysis.

This parametrisation required two discrete sets of parameters, litter_tc and leaf_f, each with
three parameters, one per PFT-group. The possible values during parameter optimisation (with
the same possible values being used for each PFT-group) are shown in Table 4.4. Similar to
Table 4.2, the values in Table 4.4 were heuristically derived using visualisations of the soil carbon

pool variable at various locations.

4.2.5 Model structure

The flammability was parametrised using a weighted multiplication of generalised sigmoid
functions. These are defined by a factor (gradient) «, a centre 3, and a shape v, with the output
s(x) € [0,1] for v > 0:

-1/~

s(w;a, B,7) = (1+eM779) (4.7)

Some possible sigmoid functions centred around 8 = 0 are shown in Fig. 4.5. ‘Weighting’
of the sigmoids modulates their influence with a weight M = 0 yielding a constant value of
s(z) = 1 regardless of relevant data or parameter values and M = 1 yielding the original sigmoid

s(z;a, 5,7) as defined in Eq. (4.7):

S(x;a, By, M) =1+ M - [s(x;a, B,7) — 1]. (4.8)
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Figure 4.5: Generalised sigmoid curves (see Eq. 4.7). Different parameter values are used for the
factor a and the shape v (7 > 0). The factor parameter is seen to influence the steepness of the
relationship, while the shape parameter influences the gradient asymmetry. Note that altering
the 5 (centre) parameter amounts to a simple translation of the entire curve along the x-axis and
is therefore not visualised above. The output s(x) € [0, 1], irrespective of the parameters used.

For the 13 PFTs investigated, the PFT index y € [0,12]. The PFT-group index v is defined
in terms of the PFT index as follows:

;

0, for x €0,4]

P(X) =91, fory €[5 10] (4.9)

2, for x € [11,12].

Additional notation used to define the model structure is introduced below:

e Predicted BA (for a given grid cell): x,,, for month m € [0, 11].

Observed BA (for a given grid cell): op,.

Average BA per PFT: B,.

PFT fraction (for a given grid cell): wy y.

Conservative averaging weights to convert model timesteps to monthly timesteps: Wi p,.
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Ignitions constant for ignition mode 1: p.

e Crop fraction adjustment parameter (‘crop_f’): e.
e Crop data at model timestep t (for a given grid cell): ¢;.
e Overall scaling factor: pu.

arcsinh-factor: 7.

The modelled flammability (for a given grid cell) at timestep ¢ and PFT index x is the result

of the weighted multiplication of four generalised sigmoids:

Ft,x = SD(Dt,X; ap y, BD,Xa YD,x> MD,x) : ST(,Tt,X; QT s /8T7X7 YT, x> MT,x) ( )
4.10

- SB(Btx; aB,x: BBx: VBx» MBx) - SP(Prxi apy, Bryx: TPxs Mpy ),

where D, , represents dryness (calculated according to either scheme ‘A’ or ‘B’) at timestep ¢ and
PFT index x, and Sp is the weighted generalised sigmoid modulating the influence of dryness.
Similarly, B denotes fuel build-up calculated according to scheme ‘1’ or ‘2’. Temperature is
denoted by T and instantaneous NPP by P. The sigmoid parameters may only take on distinct

values for each PFT-group index, with values within each PFT-group being identical by definition:

apo =Qp1=Qp2=Qap3=0apy (4.11)
aps = ape=Qp7=Qpg = QD9 = QD 10 (4.12)
Qap,11 = D12, (4.13)

according to the PFT-groups defined in Eq. (4.9).

Predicted BA for model timestep ¢ and PFT x is calculated from ignitions, average PFT-
specific BA, and flammability:

Yt = PBxFiy, (4.14)

where the apostrophe indicates output on the model timestep (as opposed to monthly values).

The aggregated BA over PFTs is calculated as follows using the PFT fractional coverage and
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cropland data:
2z = (1 —ecy) (Z wxytx> . (4.15)

Finally, the BA on monthly timesteps is calculated from Eq. (4.15) using conservative temporal

averaging and multiplication by the overall scaling factor:

Ty = ,uZzé - Wem. (4.16)
¢

Combining equations (4.14)—(4.16), predicted BA at monthly timesteps is calculated as:

Ty, = ,uz (1 —ec) (Z wypBy Fy X) - Wim, (4.17)

where the flammability is calculated according to Eq. (4.10).

Parameter optimisation was carried out using a composite metric (loss) comprised of arcsinh-
NME and MPD. For a given grid cell and across 12 months, the arcsinh-NME was calculated as
follows, with the denominator d in Eq. (4.18) being calculated using observations from all grid

cells, however:

NME,(x,0) = NM E(arcsinh(70), arcsinh(rx))

|arcsinh(rz) — arcsinh(ro)| 1}, |arcsinh(rzy,) — arcsinh(roy,)| (4.18)

NME,(z,0) = _
(2,0) d d 12

= | arcsinh(70) — arcsinh(70)],

where T denotes the mean of x.

The MPD over 12 months was calculated as follows:

MPD(x,0) = %arccos(cos(P(:):) — P(0))), (4.19)
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with the phase P(z) being calculated as:

11 11
P(z) = arctan2 <Z Ty - cos(2mm/12), Z T, - sin(27rm/12)> . (4.20)

m=0 m=0

Denoting the observed phase at a given grid cell by p, = P(0), the overall MPD calculation for a

given grid cell is as follows:

1 11 11
MPD(z,0) = — arccos (cos (arctanQ (Z Ty, - cos(mm/6), Z T - sin(wm/G)) — p0> ) .

m=0 m=0

(4.21)

Due to the complicated nature of the composite loss compared to the squared error (i.e. model-
misfit) used in other studies [e.g. Knorr et al., 2014], it was not feasible to use the analytical
Jacobian during the numerical parameter optimisation as was done in [Knorr et al., 2014]. Instead,
the chosen L-BFGS-B local minimisation algorithm numerically approximated the Jacobian using

repeated function evaluations.

4.2.6 Cropland parametrisation

Anthropogenic influence was captured using cropland cover as a simple proxy for human fire
suppression (either directly or indirectly, e.g. via agricultural land fragmentation). Although crop
cover was not highly significant in the empirical analyses in Chapter 3, it was more significant
than other possible indicators of anthropogenic impacts, such as population density. Therefore,
I used constant ignitions (ignition mode 1), as opposed to the other modes, which take into
account e.g. population density. Using the parameter e € [0, 1], the modelled BA was scaled
in inverse proportion to the cropland cover in a given grid cell (using the same cropland cover

dataset as in Chapter 3), according to Eq. (4.15):

BA — (1 — ec;) - BA. (4.22)
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This transformation is based on the assumptions that (1) the grid cell fraction covered by
agricultural land is affected by human intervention and (2) this intervention acts to decrease BA.
Given these assumptions, this approach is conceptually similar to the straightforward exclusion

of grid cells with high agricultural coverage used in Knorr et al. [2014].

4.2.7 Parameter optimisation

The variables described above (dry_days, Dry_bal, and soil carbon pool) were calculated using
data exported from JULES every four hours. However, optimisation with respect to observed BA
was carried out on a coarser timescale ranging from weekly to monthly: 42, 114, or 186 4-hour
timesteps, i.e. 7, 19, or 31 days. This choice of ‘averaging timescale’ was optimised separately
for each SINFERNO model (e.g. SINFERNO-A1). SINFERNO models were run to estimate BA
after all variables were conservatively aggregated to the chosen averaging timescales. For this
first-order conservative temporal aggregation, the maximum dry-day period and temperature were
chosen, with the mean values used for all other variables. Coarser timescales were used because
the calculation of fires on 4-hourly timescales using the empirical parametrisation presented here
is unrealistic. Instead, running such an empirical model at approximately monthly timescales is
“reasonable” [Pechony and Shindell, 2009], as more detailed short-term processes may otherwise
be difficult to capture. Furthermore, the reference GFED4 data were only available at a monthly

resolution, invalidating comparisons at much higher temporal scales.

The composite loss, MPD + arcsinh-NME with 7 = 10°, was chosen to capture the agreement
between modelled and observed BA. It was optimised on a monthly climatological timescale.
The modelled BA was conservatively aggregated to the monthly timescale of the observed BA
prior to the calculation of the composite loss. While the arcsinh transformation emphasised
regions with low BA relatively more, the inclusion of the MPD metric additionally emphasised

the phase of the modelled BA, irrespective of its magnitude.

Optimal parameters for each of the four possible parametrisations (see Table 4.5)

were estimated using the hyperopt (http://hyperopt.github.io/hyperopt/, last accessed
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Table 4.5: Number of discrete and continuous parameters being optimised across the different
SINFERNO models (see Table 4.1 for an explanation of the schemes). The dry-day period
parametrisation has 0 discrete parameters and thus contributes a factor of 1 to the number of
possible discrete parameter combinations. The number of other possible parameter combinations
can be read from Tables 4.2, 4.3, and 4.4, noting the fact that each parameter is present once
for each of the three PFT-groups. The total number of discrete parameter combinations is then
calculated by multiplying the number of possible averaging timescales by the number of possible
discrete values for the dryness parametrisation and the number of possible discrete values for the
fuel build-up parametrisation. The continuous parameters include the three sigmoid parameters
a, B, and «y. There are four sigmoid curves (one for each input predictor variable), and each
sigmoid parameter has three values, one per PFT-group. Thus, there are 4 x 3 x 3 = 36 sigmoid
parameters in total. In addition, there are three weight parameters (one per PFT-group) per
sigmoid curve for an additional 4 x 3 = 12 parameters. Finally, including the crop_f and overall
scale parameters yields 50 continuous parameters.

Scheme  Discrete parameters Discrete parameter combinations s;gg;z;lss
Al 1+0+3=4 3x1x43=192 50
A2 1404+ (3+3)=7 3 x 1 x 333 =2187 50
B1 1+(3+3)+3=10 3 x 3313 x 43 = 139968 50
B2 1+(B+3)+(B+3)=13 3x333 x33t3 =1594323 50

05/04/2022) [Bergstra et al., 2013] distributed Bayesian parameter optimisation method for the
discrete parameters in tandem with a combined basin-hopping and local minimisation (L-BFGS-
B) algorithm that was used to optimise the continuous parameters. The distinction between
discrete and continuous parameters was made for computational reasons, as the computationally
demanding calculation of certain quantities, e.g. the soil carbon pool, needs to be repeated for
each combination of the relevant parameters. All gridpoints, not just a subset, were considered
simultaneously in this optimisation, which is possible due to offline runs including only the
updated fire module described here, as opposed to e.g. more complicated models and online runs

including vegetation feedbacks used in Driike et al. [2019].

4.2.8 Model analysis

4.2.8.1 Null-model analysis

Following Kelley et al. [2013], null-model analysis was used to compare the performance of the

new parametrisation to the performance that would be achieved if:

122



tundra
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Figure 4.6: Mega PNV biomes used for regional analysis of model output (see Hengl et al. [2018],
Hengl [2018]).
1. BA predictions were replaced by the global mean observed BA (this corresponds to an
NME value of 1),
2. BA predictions consisted of randomly resampled observed BA.
For the random replacement, all grid cells and times were given a randomly sampled (with
replacement) observed BA before calculating the NME and MPD errors. This procedure was

repeated 10000 times.

4.2.8.2 Regional analysis

In addition to the analyses and comparisons of model output on a global scale, regional analyses
were made to determine the areas where the most significant changes in model performance
occurred. These were carried out using regions delimited by potential natural vegetation (PNV),
derived from Hengl et al. [2018] and shown in Fig. 4.6. The original biomes mapped by Hengl
[2018] were converted to Mega biomes using the conversion table provided by Hengl [2018] as
follows:

1. Convert the provided PNV tif file to netCDF.

2. Apply mapping from biome to Mega biome for each grid cell.

3. Regrid the resulting Mega biomes to the N96e grid using the ‘mode’ resampling method,

which yields the most common Mega biome within each new (larger) grid cell.
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(a) SINFERNO-A1 (b) SINFERNO-A2

5.0e-06 1.3e-05 3.6e-05 9.7e-05 2.6e-04 6.9e-04 1.9e-03 5.0e-03
BA

Figure 4.7: Modelled and observed BA on a log scale. The modelled BA by each parametrisation
(a)—(d), the standard INFERNO results (f), and GFED4 observations (e) are shown.

124



4.3 Results

All parametrisations, including the standard INFERNO, adequately represent the major spatial
patterns of burning (see Fig. 4.7 and 4.8). From Fig. 4.9 and 4.10, it is apparent that the B2
parametrisation has the best global performance as measured by the NME and the MPD scores.
The MPD performance of the SINFERNO-B2 model was statistically significantly better than all
other models but the SINFERNO-B1 model (see Fig. 4.10). However, while the SINFERNO-B2
model also had the best mean NME performance, the large spatial heterogeneity of the NME

errors resulted in no statistically significant differences amongst the models (see Fig. 4.9).

Both SINFERNO models using the ‘B’ dryness approach based on VPD and precipitation
performed best, however, outperforming the models using the ‘A’ dryness approach based on
the dry day period. This difference is more pronounced for the phase errors compared to the
magnitude errors, indicating that the combination of VPD and precipitation better accounts for

the timing of fuel drying (or wetting).

The BA modelled by the SINFERNO models generally had a lower maximum magnitude
compared to observations, with a maximum BA of around 1 x 1073, Observed GFED4 BA was
generally below 1 x 1072, with only a few dozen months and grid cells exhibiting BA above
this. Due to the skewed distribution of BA, most observations are below the 1 x 10~2 threshold.
Furthermore, the standard INFERNO model is able to better represent these large BA magnitudes,
as apparent from Fig. 4.7. Therefore, the failure of the SINFERNO models to accurately represent
fire behaviour in high-BA regions likely contributes to their poor MPD performance compared
to the standard INFERNO in regions such as grassland and dry shrubland (Fig. 4.11c) and
savannah and dry woodland (Fig. 4.11d). Still, the SINFERNO-B2 parametrisation reproduces
the spatial heterogeneity of BA the best overall, which is evident from its lowest NME score (see
Fig. 4.9) and largely due to its better reproduction of low orders of magnitude of mean BA in
boreal regions, for example.

While the phase performance of the B2 parametrisation globally outperforms the standard

INFERNO parametrisation (see Fig. 4.10), this improvement is not universal, which is another
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(a) SINFERNO-A1 (b) SINFERNO-A2

WL

-6.0 -4.7 -3.3 -2.0 -0.7 0.7 2.0 33 4.7 6.0
Phase Diff (Obs - Model) (months)

Figure 4.8: Phase differences between modelled and observed BA. The major spatial patterns of
burning are adequately represented by all parametrisations, including the standard INFERNO.
Comparing panels (d) and (e), it is apparent that the phase of burning has improved, especially in
boreal regions (e.g. Alaska). SINFERNO-B2 has a phase error of around 1 month in this region,
while the standard INFERNO predicted BA around 3 months too late. Similar improvements
are also seen across the boreal regions and northern Australia, although phase performance did
not improve in all regions, with China and the Cerrado being notable exceptions.
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Figure 4.9: Average NME errors of the different parametrisations. Resampled and mean errors
are derived from null-model analysis (see Section 4.2.8.1). Note the different scales above and
below the y-axis break. With the best-performing B2 model exhibiting no significant difference
compared to the standard INFERNO, ¢(186502) = 0.45,p = 0.65, it is clear that there are no
significant differences between any of the SINFERNO models and the standard INFERNO.
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Figure 4.10: Average MPD errors of the different parametrisations. Resampled and mean errors
are derived from null-model analysis (see Section 4.2.8.1). Note the different scales above and
below the y-axis break. Using one-tailed t-tests, the following statistically significant MPD
performance improvements were found: Al < standard INFERNO, #(11235) = —4.26,p <
0.001; A2 < standard INFERNO, #(11059) = —3.64,p < 0.001; B1 < standard INFERNO,
t(11235) = —5.98,p < 0.001; B2 < standard INFERNO, ¢(11146) = —7.80,p < 0.001; B2 < A1,
t(11149) = —3.46,p < 0.001; B2 < A2, ¢(10973) = —4.15,p < 0.001, confirming that the
B2 SINFERNO model performs significantly better than all but the B1 model, with all other
SINFERNO models outperforming the standard INFERNO significantly.
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reflection of the spatial heterogeneity of the performance improvements. As shown in Fig. 4.11,
the phase performance of the different parametrisations is relatively close, except for the tundra
and boreal forest regions, where the standard INFERNO performs noticeably worse. While
the standard INFERNO outperforms the new SINFERNO models in the temperate and warm-
temperate forest regions, the combined number of grid cells in these regions (1631) is much lower
than the number of grid cells encompassed by the boreal forest and tundra regions (2818), where
the SINFERNO models outperform the standard INFERNO.

Aside from Fig. 4.11, improvements to the phase performance made by the SINFERNO
models are also made apparent by comparisons between Fig. 4.8d and 4.8e, where it can be seen
that the phase of burning has improved, especially in boreal regions (e.g. Alaska). Whereas the
standard INFERNO predicted BA around 3 months too late, the SINFERNO-B2 model reduces
this error to around 1 month or less. Similar but less significant improvements are seen across
the boreal and tundra biomes. Phase improvements were also made by the B2 model across
northern Australia.

However, phase performance did not improve everywhere. For some regions affected by
anthropogenic interventions, e.g. agricultural burning, such as the Cerrado or eastern China,
phase errors generally maintained their sign (i.e. too early or late) while increasing in magnitude.
Phase performance in certain other regions affected by anthropogenic interventions, such as the

eastern US and Europe, remained comparable to the standard INFERNO.

4.4 Discussion

While all SINFERNO models and the standard INFERNO were able to capture the overall
global pattern of burning, there were significant differences in their overall performance, with the
phase performance, as measured by the MPD, indicating especially large improvements of the
SINFERNO-B2 model over the standard INFERNO.

The metric that was optimised throughout was a composite loss comprised of arcsinh-NME

and MPD. Note that the NME error takes into account both the magnitude and the timing of
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Figure 4.11: Regional MPD errors of the different parametrisations. The number of grid cells, n, is
indicated for each PNV biome (see Fig. 4.6). All y-axes except for plot (b; desert) share the same
limits. Most regions exhibit only small differences between the SINFERNO and the standard
INFERNO models, but the boreal forest (a) and tundra (h) biomes show large performance gains

by all the SINFERNO models compared to the standard INFERNO.
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Figure 4.12: Regional NME errors of the different parametrisations. The number of grid cells,
n, is indicated for each PNV biome (see Fig. 4.6). All y-axes except for plot (b; desert) share
the same limits. It is apparent that for all key regions (ignoring (b)), there are no significant
differences in NME performance between the SINFERNO and standard INFERNO models.
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burning, while the MPD error, which is calculated on a per grid cell basis before being averaged
across regions, only takes into account the timing, completely disregarding the mean annual BA
at each grid cell. Compared to an optimisation of the untransformed NME, the arcsinh-NME
placed emphasis on regions with low orders of magnitude of BA, which is reflected in the large
MPD improvements seen when comparing the SINFERNO models to the standard INFERNO

in boreal and tundra regions.

The reason why only small improvements in the NME are seen when comparing SINFERNO
models to the standard INFERNO in Fig. 4.9 and 4.12, especially in the boreal forest and tundra
biomes where improvements would be expected to be the largest, is because it is the untransformed
NME error that is being plotted instead of the more unconventional transformed arcsinh-NME
metric. Nonetheless, the MPD improvements in biomes with typically low BA demonstrate the
effectiveness of the composite loss in training a model that is effective globally, as opposed to
predominantly in regions with the highest BA. The standard INFERNO model was found to
outperform the SINFERNO models in some biomes, predominantly biomes characterised by high
BA, such as savannah and dry woodland. This is undoubtedly a consequence of optimising the
arcsinh-NME and MPD composite loss as opposed to simply the NME or the sum of squares
model-misfit since the composite loss places far less emphasis on capturing the few extremely

large BA values that are observed.

It was found that using a combination of VPD and precipitation (dryness approach ‘B’)
resulted in a better phase performance (as measured by the MPD) compared to the other
SINFERNO models, likely due to the better representation of the timing of fuel drying (or
wetting). This supports the findings of Driike et al. [2019], who found that a VPD-based
flammability parametrisation performed well. While SINFERNO-B2 was found to perform
the best overall, it also has the most parameters, as both the dryness scheme and the fuel
build-up scheme involve multiple variables that are subject to optimisation. For this reason, it
may be expected to outperform the other parametrisations. The extent to which overfitting is

responsible for the improved performance of the B2 parametrisation is therefore explored using
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cross-validation (CV) in Chapter 5. However, the highly discontinuous, step-wise relationships
fit by the B2 model (see Section 5.3.1) suggest that this increased performance may come at
the cost of lower generalisability, indicating that which of the new parametrisations is best may

depend on the desired application, particularly the degree of generalisability.

As noted by Knorr et al. [2014], there is increased temporal and spatial heterogeneity in
the observations in areas with long fire return intervals (FRIs) (e.g. humid tropics or boreal
forest biomes), with many grid cells typically having a particularly low BA. This is due to the
stochasticity of mean fire activity in these regions, given the relatively short observational time
coverage of my analysis compared to the FRI. Empirical models like the standard INFERNO
and SINFERNO are, without the addition of any stochastic process, unable to predict anything
but the expected mean fire activity (or fire risk) for a given location. This particular lack of
accurate fire statistics is somewhat ameliorated by my use of climatological data across 17 years
(2000-2016). The stochastic nature of fire occurrence in regions with a relatively large FRI
nevertheless limits the achievable model performance while also suggesting that the BA modelled
by e.g. SINFERNO should, by design, not approach the highest orders of magnitude in the
observations over the limited available timespan. This is because it is the expected long-term
mean fire activity that is being modelled instead of the actual fire occurrence. In the absence
of BA observations over sufficiently long time periods relative to the FRI, this is a necessary

trade-off.

The decrease in the predictive performance of the SINFERNO models compared to the
standard INFERNO in some regions affected by significant anthropogenic intervention suggests
that the use of cropland fraction (but ignoring population density) is not able to capture the
anthropogenic impacts on fire. Note that since the cropland fraction typically does not have a large
intra-annual variability, any related ignition (and suppression) behaviour was essentially constant
on the climatological timescales investigated here. This supports the findings of Forkel et al.
[2017], who found that including cropland as a measure of human influence did not significantly

improve results. However, the seasonal distribution of fires is significantly affected by human
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intervention, especially in regions used for crops and livestock [Le Page et al., 2010, Benali et al.,
2017]. Therefore, usage of additional data on human impacts, such as the HDI used in Teixeira
et al. [2021] or the even more detailed database of anthropogenic fire impacts (DAFI) [Perkins
et al., 2021], in addition to cropland and pasture coverage, may be needed to adequately capture
anthropogenic impacts on fire.

Since cropland cover, which represents the potential for anthropogenic ignitions and suppres-
sion, is often practically constant, and time-varying natural ignitions (e.g. lightning) are not
considered here, the improvements made by the SINFERNO models to the phase of the pre-
dicted burning compared to the standard INFERNO in many regions are likely due to improved
representation of climatic and vegetation influences, e.g. on fuel wetting and drying. And while
the random forest (RF) models developed in Chapter 3 could not capture BA in boreal forests
well, they were trained using an error metric that placed significant emphasis on regions with
the highest BA (e.g. the Sahel). Nonetheless, the SINFERNO models are mostly able to match
the performance of the standard INFERNO in biomes with high BA, like grassland and dry
shrubland or savannah and dry woodland, while outperforming it in biomes with low BA, like
boreal forest and tundra. This indicates that the explicit inclusion of antecedent conditions in
the SINFERNO models permits improved BA modelling across biomes. It also suggests that the
RF models from Chapter 3 could have performed better in boreal regions had a different error

metric (or, similarly, a transformed BA target variable) been used.

4.5 Conclusions

The development of a new flammability parametrisation for the empirical INFERNO fire model
generally yielded improved performance, especially in regions with typically low BA. On a global
scale, there were improvements to both the magnitude (NME) and the phase (MPD) of the
predicted BA. However, regionally, a trade-off was observed with the performance of the new
SINFERNO models worsening in some regions with typically high BA compared to the standard

INFERNO model. Performance, especially the phase performance, was improved significantly
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in northern regions typically exhibiting low BA. Such regional discrepancies suggest that the
overall performance of the new SINFERNO global empirical fire models may be limited by their
inherently parsimonious approach, the limitations of the coarse spatial scales involved, and the
accuracy of the productivity predicted by the underlying JULES dynamic global vegetation
model (DGVM). While offline runs of the new SINFERNO fire models enabled the consideration
of all grid cells with reasonable computing resources, their use also limited the achievable realism
of the simulations compared to online runs. Since offline runs do not capture the impact of the
simulated BA on vegetation mortality, their use in the optimisation and evaluation of the new

parametrisation thereby also limited the attainable performance.
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Chapter 5

Sensitivity Analysis

135



Abstract

Despite the ability of contemporary fire models to reproduce the general patterns of global burnt
area (BA), their phase performance has been isolated as a particular area for improvement, with
poor reproduction of the relationship between vegetation and flammability as a likely cause.
The underlying relationships between the input variables and modelled flammability, as well as
the significance of the different model input variables and parameters, need to be understood
in order to improve an investigated model. Here, I investigated the underlying relationships of
the Sigmoidal INFERNO (SINFERNO) model alongside the significance of its input data and
parameters. Generalised additive models (GAMs) were used to verify the underlying sigmoidal
relationships derived from the SINFERNO parameters. It was found that these were generally
reasonable representations of the underlying relationships identified using the GAM empirical
analysis. Sobol sensitivity analysis (SA) was used to identify the significance of the input data
and model parameters, with dryness emerging as the most important variable, followed closely
by temperature. The SINFERNO sigmoid centre parameter had the most significant influence
on both the normalised mean error (NME) and mean phase difference (MPD) error metrics,
although the remaining sigmoid parameters also predominantly influenced the NME, albeit to a
lesser degree. Map plots of the Sobol SA significances revealed significant regional heterogeneity,
with the temperature weight parameter being most important in the northern regions where
the temperature has a dominant limiting effect on flammability, while the importance of the
temperature centre parameter was more uniform, for example. Finally, SINFERNO models were
constrained in their number of input data variables and parameters. Using stratified five-fold
cross-validation (CV), this revealed that the ideal number of SINFERNO model parameters is

around 30 compared to the possible 50 parameters.
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5.1 Introduction

Having introduced a new class of flammability parametrisations based on the INteractive Fire
and Emission algoRithm for Natural envirOnments (INFERNO), the Sigmoidal INFERNO
(SINFERNO) model, in the previous chapter, the importance of its individual model compo-
nents will be explored in this chapter. Using combinations of different dryness parametrisa-
tions (dry-days or vapour pressure deficit (VPD) and precipitation) and different fuel build-up
parametrisations (antecedent net primary productivity (NPP) or a re-parametrised soil carbon
pool), SINFERNO predicts burnt area (BA) using sigmoidal underlying relationships between
these driving variables and flammability. The different combinations of driving variables from
SINFERNO-A1 to SINFERNO-B2 (see Table 4.1) will be investigated here, although the main

focus will lie on the best-performing SINFERNO-B2 model.

While SINFERNO employs a relatively parsimonious approach, this alone does not elucidate
the significance of its individual components, which depends both on the parameters that result
from the model optimisation and the data being fed into the model. For example, if flammability
were to respond identically to temperature and dryness, the amount of variability in each of these
two variables, as opposed to the underlying relationships between these variables and flammability,
would directly determine the relative importance of the corresponding model components. In
reality, both the model behaviour and the input are highly variable, prompting the use of further
investigative tools to disentangle the relative importance of different aspects of the SINFERNO

models.

SINFERNO models are optimised using a composite loss that emphasises areas with relatively
low BA (via an arcsinh transformation of the BA) and the phase of the burning (via the mean
phase difference (MPD) of the climatological predicted and observed BA). Chapter 4 showed
that the nature of this composite loss impedes the evaluation of an analytical Jacobian, which
could otherwise be used to aid model optimisation. However, this similarly impedes the analysis
of the model components, which is the goal of this chapter. While the response of the phase error

to different inputs is of interest, for example, the exact analytical expression linking all input
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data and parameters to the global phase performance would be computationally prohibitive to
evaluate. Therefore, this chapter will make use of techniques which can be used to estimate the
overall global significance of the various SINFERNO components without requiring an analytical

expression linking e.g. the MPD to the input driving variables.

5.1.1 Verification of the underlying relationships using GAMs

Compared to the random forest (RF) machine learning analyses presented in Chapter 3, the
SINFERNO models employ a much more parsimonious approach. This means that the underlying
sigmoidal relationships between the input data and flammability can be inferred from the model
parameters alone without having to resort to more complicated analyses like accumulated local
effects (ALE) plots, which rely on a large amount of data to make statistically robust claims
about a model’s average underlying relationships. Consequently, SINFERNO model behaviour
(BA response to input data and parameter values) can be determined reliably at the grid-scale
level for individual timesteps.

To evaluate the underlying sigmoidal relationships of the optimised SINFERNO models, these
known relationships can be compared to those of a simple statistical model, e.g. a generalised
additive model (GAM), fit to the same data as the SINFERNO models. For example, while it
may appear intuitive that relationships between predictor variables and BA are thresholded,
i.e. no longer increasing or decreasing after a certain point, establishing whether this emerges
from the available data can be achieved by fitting GAMs (or other similarly flexible models) and
inspecting the resulting underlying relationships. An advantage of GAMs in this context is that
they, similarly to SINFERNO models themselves, provide explicit formulae for these underlying
relationships as opposed to RFs, for example, where statistical methods such as ALEs would

need to be applied to approximate them.

5.1.2 Global sensitivity analysis using Sobol SA

Despite the ability to determine the underlying sigmoidal relationships used by SINFERNO

models from their optimised parameters, the sensitivity of the normalised mean error (NME)
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and MPD error metrics to variations in the input data or parameter values remains practically
inaccessible without further analyses. This is due to the complicated analytical expressions
that link the error metrics to the input data and parameters. Global sensitivity analysis (SA)
metrics like the Sobol metrics introduced in Section 5.2.2 can be used in order to estimate
the significance of different input variables and parameters for such error metrics, however.
Variance-based SA, or Sobol SA [Sobol’, 1993, 2001, Saltelli, 2002, Jacques et al., 2006, Saltelli
et al., 2010, Owen, 2014, Norton, 2015], has been used in many different contexts, ranging from
atmospheric science and traffic simulation to fire modelling [e.g. Gomez-Dans et al., 2018, Wild
et al., 2020, Ge and Menendez, 2021]. And while simpler perturbations have previously been used
for fire models to carry out SA, such as the fractional perturbations (i.e. +X%, -Y%) used in
Mangeon [2017], Sobol SA yields much more robust estimates. This methodology (compared to
simple one-at-a-time perturbations) takes into account a wide range of perturbations of multiple
variables simultaneously. Thus, the model’s global behaviour (i.e. as in across the entire range
of input parameters or data, as opposed to simply around a single point in the input space of
values) can be determined, albeit at a greater computational cost [Saltelli et al., 2008]. Here,
Sobol SA is used to infer the sensitivity of the NME and MPD error metrics for individual grid
cells, with the sensitivity across multiple grid cells being derived using averages of the individual

sensitivities.

5.1.3 Reduced complexity SINFERNO models

Another way of determining which model parameters and data have the greatest impact on the
BA modelled by SINFERNO is by limiting the parameters and data accessible to the model
and evaluating which limitations have the most impact. Models limited in this fashion can be
said to have a lower ‘complexity’ (i.e. fewer degrees of freedom), as there are fewer parameters
to be tuned. To determine the SINFERNO model complexity (i.e. number of parameters and
included predictors) required to achieve the ideal performance (generalisability), a parameter

selection approach can be used. For example, variable and parameter selection was used by
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Forkel et al. [2017] to select the best Satellite Observations to predict Flre Activity (SOFIA)
model. The empirical SOFIA models have conceptual similarities to the SINFERNO approach.
For the same data and parametrisation, Forkel et al. [2017] varied the number of parameters
by switching between different land cover grouping schemes. Building upon their approach,
I explore a more iterative, fine-grained approach here, where a series of models with varying
complexities are constructed. Each model increases in complexity compared to the last, and
cross-validation (CV) and the Akaike information criterion (AIC) are used in addition to the

composite loss (arcsinh-NME and MPD) in order to investigate the ideal degree of complexity.

5.2 Methods

GAM analysis, Sobol SA, and reduced complexity modelling have different goals. While the
GAM analysis investigates the shape of the underlying relationships, the Sobol SA and reduced
complexity modelling both quantify the relative importance of different input data and parameters.
The Sobol method analyses the response of the modelled BA to variations in the input data
or parameters, while the reduced complexity models give insight into which parts of the model
(i.e. parameters and the associated data these parameters act on) need to be included for

maximum performance across a spectrum of model complexity (number of parameters).

5.2.1 GAM analysis

Verification of the underlying sigmoidal shape of the relationships was undertaken using GAMs
instead of a machine learning model like the previously used RF model to avoid the additional
uncertainties (e.g. due to extrapolation) that can accompany such an approach. The restricted
maximum likelihood (REML) method was used to automatically select smoothing parameters,

and a quasi-binomial distribution with a logit link function was used due to the highly skewed
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distribution of the target BA variable. The formula used followed the following pattern:

y ~ s(temperature_Trees,by = fracTrees)

+ s(temperature_Grass,by = frac_Grass)
(5.1)

+ s(dry_days_Shrubs, by = combined_frac_Shrubs).

This emulates the approach taken by SINFERNO, where individual sigmoidal curves are used for
each plant functional type (PFT)-group. The GAM models were fit to the same climatological
data as the SINFERNO models, and the underlying relationships were extracted. As shown in
Eq. (5.1), individual factors are computed for variables for each PFT-group (average variable
across the PFT-group), weighted themselves by the cumulative PFT-group landcover at each grid
cell. The sum of the resulting curves, acting upon the four groups of input data (e.g. temperature
or dry days), is then fed into the inverse of the logit function, the sigmoid function. Contrary to
an exponential link function, this is not equivalent to a multiplication of the individual curves
for each variable since for the sigmoid function s, s(a + b) # s(a) - s(b). From this, it follows
that the relationship between a and the output y depends on the other variables (with their
collective influence being denoted b) when viewed in the untransformed output BA space. In
other words, the effect of a given perturbation of a depends on the value of b. To determine the

possible influence of each factor, the range of all data must therefore be taken into account.

5.2.2 Sobol sensitivity analysis

Sobol SA was used to determine the relative importance of either different data variables or
different parameters for the BA predicted by the SINFERNO models. This is achieved by varying
the considered parameters or input variables across a wide range of values and analysing the
response of the modelled BA to these variations. The sensitivities thereby calculated using
Sobol SA rely not only on the behaviour of the model being investigated but also on the

variability of the tested variables or parameters. This variability (possible range of values) was
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Figure 5.1: Convergence of DREAM MCMC chains for the 1itter pool centre grass param-
eter of the SINFERNO-B2 model. The last half of the chains are assumed to have reached
convergence to the final (potentially multi-modal) distribution and therefore represent the likely
range of the parameter values that match the data based on a given tolerance and the composite
loss.

defined using lower and upper sampling bounds for this analysis. The sampling bounds were set
differently for the data and parameters. Throughout this analysis, data and parameters were not
considered simultaneously due to the fact that the Sobol method requires the input variables to
be independent [Jacques et al., 2006, Saltelli et al., 2008, Chastaing et al., 2012, Wiederkehr,
2018, Ge and Menendez, 2021]. The standard deviation of the 17 mean yearly values (i.e. the
inter-annual variability (IAV) of the yearly mean) at each gridpoint was used to set the data

sampling bounds because this captures the expected scale of variability.

5.2.2.1 MCMC simulation

A Markov chain Monte Carlo (MCMC) simulation using the Differential Evolution Adaptive
Metropolis (DREAM) algorithm [Vrugt et al., 2008, 2009, Sadegh and Vrugt, 2013, 2014, Vrugt,

2016] was used in order to establish parameter sampling bounds supported by the data in
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an approximate Bayesian computation (ABC) framework [Marin et al., 2012]. The DREAM
algorithm was run with the following parameters: N = 2 x 10°, beta = 1, nChains = 50,
and ¢ = 0.1. The acceptance ‘delta’ between the lowest previously found minimum using the
basin-hopping approach (‘1000,15’ in Fig. 5.13) and the model parameters found by the DREAM
MCMC sampler was set to 0.002. In practice, this meant that model parameters that performed
worse than the previously found minimum by a margin of 0.002 (in composite loss units) were
accepted and formed part of the chain history, as shown in Fig. 5.1a. An example of the
convergence of multiple chains is shown in Fig. 5.1, with Fig. 5.1b showing the approximate
distribution of the parameter values that met the chosen composite loss threshold. Note that
the shape of the estimated parameter distributions varied, with some parameters being almost
equally likely to be found across their entire allowed range for the MCMC analysis. For each
parameter, the allowed parameter sampling bounds for the Sobol SA were determined using
the mean of its sampled MCMC parameter distribution + its standard deviation. The resulting
sampling bounds were further constrained to be within the extrema observed during MCMC

sampling.

5.2.2.2 Sobol SA grouping

The Sobol SA was then carried out using individual parameters grouped by data or parameter
categories, both to avoid the analysis of dependent variables (for example, parameters for different
PFEFT-groups are likely to be correlated) and to reduce the computational burden of the analyses.
For example, the temperature sigmoid centre parameters across all PFTs were grouped together.
A list of all parameter groups investigated for the SINFERNO-B2 model is shown in Table 5.3.
Similarly, the investigated data groups are shown in Table 5.1.

Sobol SA with such groupings applies the same relative perturbation to each of the parameter
or data variables within a given group. For example, consider the ‘Temperature Centre’ group,
which consists of the parameters temperature centre trees, temperature centre grass,

and temperature centre shrubs (one parameter per PFT-group). Note that the Sobol SA is
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Figure 5.2: Iterative optimisation graph representation. Green nodes (1, 2, 5) are the chosen
nodes representing the ideal performance amongst the explored nodes at each level. Explored
but discarded nodes are shown in blue (3, 4). At each level, the best-performing model (green) is
chosen as the basis for the models in the next level (i.e. 1 — 2 — 5). Nodes branching off of
green nodes are explored, but the grey nodes branching off of discarded nodes, like nodes 6 and
7 above, are never explored by the algorithm.

applied to multiple such groups in order to quantify the relative impact of each of these groups.
If during the course of the Sobol SA, the temperature centre grass parameter is increased by
half of its range, the temperature centre trees and temperature centre shrubs parameters
will also be increased by half of their respective ranges. Thus, their significance can be calculated
as a whole using far fewer model runs and avoiding the complications introduced by using
the Sobol technique on dependent variables (see e.g. [Jacques et al., 2006, Saltelli et al., 2008,
Chastaing et al., 2012, Wiederkehr, 2018, Ge and Menendez, 2021]). The initial gridpoint-specific
significance values were also aggregated to overall global (geographically) significances using
the mean of the individual significance values across grid cells. The standard deviation of the

gridpoint-specific values was also calculated to provide an estimate of the significance variability.

In addition to calculating the first-order effect of a single variable, denoted Si, the Sobol
method also calculates the total effect S, which takes into account the first-order effects
and any interactions with the other investigated variables. The sum of total effects across all
variables, » . S, > 1, will only be equal to 1 for purely additive models, which do not have any
interactions [Homma and Saltelli, 1996]. Comparing S; to St therefore provides an estimate of

the degree to which interactions affect the model output.
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Figure 5.3: Example of a relatively small, simple model configuration with many parameters
being shared between PFT-groups as opposed to being individually optimised. A total of eight
parameters are optimised in the configuration shown. All weights are either 0 or 1, meaning
that they are not optimised. All parameters but the dryness-factor are shared across PFTs for
either temperature and dryness separately. Other model categories are not present, so they do
not inhibit burning at all. For temperature, there are three parameters (factor, centre, shape).
For dryness, there are four parameters (two factors for different PFT-groups as indicated by
the different-coloured blocks, centre, shape). The last remaining parameter (not shown) is the
overall scaling factor which is always optimised.

5.2.3 Reduced complexity models

A ‘reduced complexity’ SINFERNO model is similar to a ‘full’ SINFERNO model, albeit with a
reduced number of degrees of freedom, which is achieved by applying special parameter values
and constraints to the full SINFERNO model. Reduced complexity SINFERNO models describe
a subset of SINFERNO models where certain values are either set to 0 (e.g. a weight set to
0 implies ignoring the corresponding data variable(s)) or the effective number of degrees of
freedom is otherwise reduced by mandating that certain parameters are set to the same value
across certain PFT-groups. The latter refers to varying the way parameters are grouped across
PFT-groups (the ‘grouping scheme’). The grouping scheme employed here is more flexible
than the one used by Forkel et al. [2017] for their SOFIA models since individual SINFERNO
sigmoid parameters (e.g. the temperature-centre) may be shared across all three PFT-groups or
distributed amongst subsets thereof (e.g. one value being jointly optimised for two of the PFT-
groups, with another value being optimised for the remaining PFT-group). Overall, optimising
the number of parameters of such reduced complexity SINFERNO models considers both the
selection of data variables and parameters simultaneously.

This optimisation can be visualised as a graph search, illustrated here in Fig. 5.2, with

different nodes in the graph representing different SINFERNO model configurations. A model
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Figure 5.4: The most complicated model configuration possible, with no parameters shared
across PFT-groups. A total of 50 parameters are optimised in the configuration shown. All
model categories are present, with temperature, NPP, dryness, and fuel requiring 12 parameters
each (48 in total). The weight, factor, centre, and shape parameters are optimised separately for
each of the three PFT-groups. This is the case for each of the four categories. Cropland requires
an additional parameter. The last remaining parameter (not shown) is the overall scaling factor
which is always optimised.

configuration is the collection of possible model parameters that control the four different,
potentially PFT-group-dependent aspects of the model and potentially also the influence of crop
cover. A subset of possible configurations is explored by finding the best-performing configuration
for a given complexity (number of parameters) before continuing the search at an increased
complexity starting from this best-performing configuration. There is no backtracking, meaning
that only configurations with higher complexity than previously explored configurations are
considered as new configurations. While backtracking would be necessary to escape potential
local minima, avoidance of backtracking was a compromise necessitated by the computational
cost associated with optimising parameters for individual model configurations, which has to be
repeated numerous times during this procedure. However, the ‘overall’ optimisation (exploration
of different model complexities) was carried out twice using different settings for the basin-hopping
and local minimisation algorithms used to optimise the reduced complexity SINFERNO models
at each step of the overall optimisation. These settings were chosen to be less computationally
demanding than those used in Chapter 4, where 1000 local minimiser iterations and a minimum
of 15 basin-hopping iterations yielding the same minimum were used to optimise the SINFERNO
models. The two settings used here were either 1000 local minimiser iterations and a minimum
of 5 basin-hopping iterations or 50 local iterations and 1 basin-hopping iteration. Two different

settings were used to evaluate the impact of the minimisation settings on the performance of the
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Figure 5.5: Geographical distribution of stratified five-fold CV splits with non-overlapping groups,
distributed over the 7771 land points that comprise the JULES N96e grid.

reduced complexity SINFERNO models.

Conceptually, moving between configurations 2 — 5, as shown in Fig. 5.2, could be interpreted
as moving between the configurations shown in Fig. 5.3 and 5.4, albeit with many intermediate
steps omitted in Fig. 5.2. The actual graph of model states has a branching factor of around
40 initially, which shrinks down significantly towards the end of the algorithm as the model
complexity reaches its limit of 50 parameters. This programmatic approach is highly flexible,
exploring a wide variety of possible data inputs and land cover grouping schemes. But it does
not include optimisation of the discrete parameters, the values of which were adopted from the
previous, full optimisation. Each step is very fine-grained and could consist of the addition of a
new set of parameters to capture the influence of, say, temperature (if not previously included)
or the optimisation of the NPP sigmoid centre parameter separately for either grasses, shrubs, or
trees (thereby effectively changing the landcover grouping scheme on a parameter-by-parameter
basis).

For every stage of this iterative model fitting, i.e. for the best SINFERNO model for each
number of optimised parameters, multiple metrics were computed to evaluate the ideal number
of parameters. In addition to the performance (composite loss) itself, the AIC was employed, as
in Forkel et al. [2017], to consider model performance in terms of the sum of squares error (SSE)

while penalising models with too many parameters (both discrete and continuous). It was
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calculated both with and without arcsinh transformation of the observed and predicted BA.
Additionally, stratified five-fold CV, based on the composite loss, with non-overlapping groups was
employed with the following BA bins: (0,1 x 107%,1 x 1072,0.1,1) and using the scikit-learn
StratifiedGroupKFold operator. Given the relatively low number of grid cells used here
compared to the number of grid cells in Chapter 3, this approach was used instead of simple
random five-fold CV in order to prevent some splits from containing far more grid cells with
e.g. very high BA than others. Using the resulting splits (see Fig. 5.5), CV was used to quantify
the generalisability (i.e. degree of overfitting) of the models across all stages of complexity. Both

the CV results and AIC values were used to quantify the ideal model complexity.

5.3 Results

5.3.1 GAM analysis

The relationships fit by the GAM for temperature exhibit a similar shape to the sigmoidal
relationships fit by the SINFERNO-B2 model: an initial steep rise followed by a plateau, as
shown in Fig. 5.6a, e, i, and m.

The GAM model generally fit the expected negative relationship between instantaneous NPP
and BA (Fig. 5.6f, j, and n). However, only the SINFERNO-B2 NPP relationship for shrubs
agrees with the GAM relationships. For the Tree and Grass PFT-groups, the SINFERNO-B2
model fit flat, i.e. constant, relationships, which only agree with the relatively flat relationships
fit by the GAM for low NPP.

There is a similar disagreement between the relationships fit by SINFERNO-B2 and the GAM
for the Dry Bal variable, which represents the combined influence of VPD and precipitation.
While the two models agree on the decreasing underlying relationship between Dry Bal and
flammability for the Grass PFT-group, the SINFERNO-B2 model fit constant curves for both
the Tree and Shrub PFT-groups, while the GAM fit virtually identical monotonically decreasing
relationships between Dry Bal and BA for all three PFT-groups.

For the litter pool variable, SINFERNO-B2 fit steeply rising, almost step-wise relationships
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Figure 5.6: GAM verification of the underlying relationships in the SINFERNO-B2 model. Plots
(a)—(d) show the relationships fit by SINFERNO-B2. Plots (e)—(p) show the relationships fit by
the GAM. Due to the logit link used in the GAM, the individual underlying relationships vary
depending on the values of the other data and are thus repeatedly plotted across a relevant range
of the combined influence of these other data. Plotted around the GAM response curves are
scaled standard errors. Rug plots for plots (e)—(p) indicate the distribution of the data for each
PFT-group, with a darker shade denoting a greater abundance of data. The weights attached
to each of the PFT-group sigmoids for the SINFERNO-B2 model are shown in brackets in the
legends for plots (a)—(d). Note the different x-axis extents along each column, especially plot (d),
which focuses on the range of interest with relationships in the omitted range being constant.

for all PFT-groups. These relationships essentially act as ‘switches’, either allowing fire or not.
The impact of these switches is modulated by the weight parameter, which was 1 for both the
Grass and Shrub PFT-groups, meaning that fire is completely suppressed when the litter pool
is below the threshold. For the Tree PFT-group, the weight was 0.83, indicating that fire is

only partially suppressed when the litter pool is below its threshold (which is around 4000).
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Table 5.1: Global arcsinh-NME Sobol SA for SINFERNO-B2 input data variables. Both first-
order effects (S1) and total effects (S7) are calculated. Mean effects (S;, S7) and corresponding
standard deviations (S std, St std) are calculated from individual effects at 7243 grid cells. For
both S; and St, standard deviations can be seen to approach and often exceed the mean effects
themselves, indicating that there is large regional heterogeneity.

S S std St St std
Dry Bal 0.532457 0.385 241 0.543 727 0.383 366
Temperature 0.282 087 0.315 358 0.303176 0.323469
Litter Pool 0.162271 0.342 968 0.176 044 0.359928
Cropland 0.000 304 0.004 037 0.000 301 0.004 031
NPP 0.000 000 0.000014 0.000 000 0.000 008

On the other hand, the litter pool relationships fit by the GAM model are more heterogeneous
when comparing the different PFT-groups. The GAM Grass PFT-group relationship corresponds
most closely to its SINFERNO-B2 counterpart, increasing at around a value of 5000 (note the
different x-axis extents in Fig. 5.6d and 1). While the GAM Tree PFT-group relationship also
increases at a point roughly matching its SINFERNO-B2 counterpart (~4000, note also the
different x-axis extents in Fig. 5.6d, h, 1, and p), the GAM also fit a decreasing relationship with
the Tree litter pool variable at low litter pool values, contrary to the monotonically increasing
relationship fit by the SINFERNO-B2 model across all PET-groups. For the Shrub PFT-group,
the GAM relationship similarly reaches a threshold at a value of ~3500, in agreement with
SINFERNO-B2, while also fitting an oscillatory non-monotonic relationship below this threshold,

thereby contradicting the SINFERNO-B2 model.

5.3.2 Sobol sensitivity analysis

The Dry Bal (dryness) and temperature variables are the most important input variables, as
they have the highest ranking for both arcsinh-NME and MPD indices (see Tables 5.1 and 5.2,
respectively). While the litter pool input variable (which represents fuel build-up) is the third
most important variable for both arcsinh-NME and MPD, the standard deviation of its effect
far exceeds its average total effect. Instantaneous productivity (NPP) and cropland cover are

insignificant for both performance metrics. In general, the significance standard deviations often
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Table 5.2: Global MPD Sobol SA for SINFERNO-B2 input data variables. Both first-order
effects (S1) and total effects (S7) are calculated. Mean effects (S1, S7) and corresponding
standard deviations (S std, St std) are calculated from individual effects at 5342 grid cells. For
both S7 and Sp, standard deviations can be seen to approach and often exceed the mean effects
themselves, indicating that there is large regional heterogeneity.

S1 Sy std St St std
Dry Bal 0.463 677 0.443 667 0.469 019 0.443 541
Temperature 0.404 917 0.433 001 0.415445 0.433299
Litter Pool 0.120 362 0.298 740 0.126 855 0.308 516
NPP 0.000 036 0.002 222 0.000 041 0.002 688
Cropland 0.000 004 0.000 100 0.000 004 0.000 102

Table 5.3: Global arcsinh-NME Sobol SA for SINFERNO-B2 parameters. Both first-order effects
(S1) and total effects (S7) are calculated. Mean effects (S7, St) and corresponding standard
deviations (57 std, St std) are calculated from individual effects at 7243 grid cells. For both
S1 and S, standard deviations can be seen to approach and often exceed the mean effects
themselves, indicating that there is large regional heterogeneity.

S1 Sy std St St std
Dry Bal Centre 0.147 390 0.126 842 0.254 075 0.168 535
Temperature Centre 0.137531 0.143 586 0.218 592 0.181713
Fuel Weight 0.100 380 0.116 462 0.169 228 0.165 485
Temperature Factor 0.068 326 0.109 482 0.131229 0.172023
Dry Bal Shape 0.089 706 0.165 687 0.112984 0.175 627
NPP Centre 0.063475 0.071437 0.112778 0.132423
NPP Weight 0.054 304 0.064 096 0.103 055 0.086 585
Temperature Weight 0.044 909 0.068 190 0.078 013 0.108 156
Dryness Weight 0.026 767 0.051 006 0.053 844 0.070 842
Dry Bal Factor 0.007992 0.017689 0.024 364 0.034277
Litter Pool Centre 0.012768 0.075670 0.024 204 0.110141
Litter Pool Factor 0.006 727 0.044 583 0.014 597 0.088 160
Temperature Shape 0.001 915 0.006 340 0.008 045 0.020074
NPP Factor 0.000 180 0.000 374 0.000373 0.000472
Litter Pool Shape 0.000 004 0.000 060 0.000 021 0.000 168
NPP Shape 0.000 004 0.000031 0.000 002 0.000003
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Table 5.4: Global MPD Sobol SA for SINFERNO-B2 parameters. Both first-order effects (S7)
and total effects (St) are calculated. Mean effects (S1, S7) and corresponding standard deviations
(S1 std, St std) are calculated from individual effects at 5536 grid cells. For both S; and Sr,
standard deviations can be seen to approach and often exceed the mean effects themselves,
indicating that there is large regional heterogeneity. Note that small negative values can result
from floating-point errors.

51 Sy std St St std
Dry Bal Centre 0.210607 0.177 827 0.477 817 0.232119
Temperature Centre 0.171919 0.189 397 0.456 726 0.200139
NPP Centre 0.077536 0.087 947 0.229 548 0.201 774
Temperature Factor 0.026 937 0.038 498 0.184 740 0.154 526
Dry Bal Shape 0.018 432 0.027 274 0.088 299 0.092 653
NPP Weight 0.002 587 0.007 252 0.070165 0.052438
Temperature Weight 0.007 854 0.014 354 0.066 599 0.081 292
Fuel Weight 0.005 842 0.026 657 0.066 250 0.069174
Dry Bal Factor 0.006 820 0.012 856 0.064 234 0.074 205
Temperature Shape 0.003 668 0.015703 0.064 219 0.120 751
Dryness Weight 0.000811 0.004 604 0.039 043 0.041 975
Litter Pool Centre 0.015 546 0.082593 0.032983 0.135811
Litter Pool Factor 0.002 463 0.019665 0.012408 0.056 761
NPP Factor 0.000 035 0.001 737 0.006 794 0.009 868
NPP Shape —0.000009 0.000 623 0.000 602 0.002 265
Litter Pool Shape 0.000001 0.000532 0.000 539 0.005470

approach, if not exceed, the mean global importances. Interactions, as indicated by the difference

between St and S, are insignificant for all input predictor variables.

The dryness sigmoid centre parameter was consistently the most important parameter for
both the arcsinh-NME and MPD indices (Tables 5.3 and 5.4, respectively). The temperature
centre was also consistently important, supporting the finding that the temperature and dryness
predictor variables are the most significant. For instantaneous NPP, the centre parameter was
the most important sigmoid parameter. In general, the centre and weight parameters were
most important (see Table 5.5). The centre parameters were assigned the highest proportion of
significance using both the arcsinh-NME and MPD indices. However, the MPD-derived Sobol
indices assigned much greater importance to the centres of the sigmoidal relationships: the

importance proportion of the centre variables is 64 % using the MPD metric, compared to 47 %
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Table 5.5: Proportion of mean global parameter importance by type measured using Sobol St
indices for SINFERNO-B2. Arcsinh-NME SA indices were computed from individual significance
values at 7243 out of 7771 land points. MPD SA indices were computed from individual
significance values at 5536 out of 7771 land points. Proportions of the St indices were calculated
using the mean global indices for each type of parameter (e.g. ‘Centre’ parameters) shown in
Tables 5.3 and 5.4.

arcsinh-NME MPD
Proportion Proportion std Proportion Proportion std
Centre 0.467019 0.462 405 0.643 254 0.420 502
Weight 0.309 590 0.348 020 0.130070 0.135537
Factor 0.130 660 0.300771 0.144 106 0.194 353
Shape 0.092731 0.270 829 0.082570 0.163 697

for the arcsinh-NME metric (see Table 5.5).

For controlling the NME, i.e. the magnitude of BA, the dryness variable is seen to be very
important globally (Fig. 5.7b). The importance of temperature (Fig. 5.7a) is clustered more
sporadically but is notably high in northern regions, e.g. Alaska, which saw major improvements
compared to the standard INFERNO. Similarly, although the fuel build-up variable is not
important on a global scale (Fig. 5.7¢), it is again seen to play a significant role in the northern

regions that perform much better in the SINFERNO models compared to the standard INFERNO.

For the MPD, the temperature is seen to have a significant effect in northern regions (Fig. 5.8a),
while dryness predominantly affects the remainder of the globe (Fig. 5.8b). Again, fuel build-up
(Fig. 5.8¢) affects several disparate regions, including the northern regions that were seen to

perform significantly better using the new parametrisation.

Overall, the litter pool fuel build-up parametrisation seems to respond well to the seasonality
of antecedent productivity, thereby leading to improved phase performance in regions with high
seasonality. Although both the dryness and temperature variables are significant on a global
scale, the temperature has a greater influence on phase performance in northern regions. Both
variables contribute to the NME magnitude performance in northern regions, however. For
the northern regions, this suggests that the dryness parametrisation acts primarily to scale the

magnitude of burning, while the temperature parametrisation affects both its magnitude and
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Figure 5.7: Sobol arcsinh-NME St importances for SINFERNO-B2 data. Importances were
calculated at 7243 grid cells out of 7771 land grid cells. Dryness (Dry Bal) (b) is the most
important globally. Temperature (a), while less significant overall, is generally important in
regions where dryness has relatively low importance, such as some northern regions (e.g. Alaska).
Fuel build-up (Litter Pool) (c) is generally important in regions where dryness is not important.
Instantaneous productivity (NPP) (d) and cropland (e) are insignificant.

timing.

The instantaneous productivity and cropland data variables appear not to have a significant
influence on NME (Fig. 5.7) and MPD (Fig. 5.8). However, Tables 5.3 and 5.4 show that param-
eters related to the instantaneous NPP have a noteworthy impact despite the low significance of

the corresponding data variable.
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Figure 5.8: Sobol MPD St importances for SINFERNO-B2 data. Importances were calculated
at 5342 grid cells out of 7771 land grid cells, with grid cells being omitted due to low BA.
Temperature (a) and Dryness (Dry Bal) (b) are the most important globally, with the spatial
distribution of the temperature significance largely contrasting that of dryness. Unlike dryness,
the temperature is most important in northern regions. The spatial distribution of the significance
of fuel build-up (Litter Pool) (c) largely represents the complement of the combined spatial
distribution of the dryness and temperature significance. Instantaneous productivity (NPP) (d)
and cropland (e) are insignificant.

The temperature sigmoid and weight parameters are globally significant for both NME and
MPD metrics (Fig. 5.9a—d and 5.10a—d). The temperature weight parameter is mostly important
in northern regions. On the other hand, the temperature centre parameter has a significant

influence on the MPD on a global scale (Fig. 5.10b).
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Figure 5.9: Sobol arcsinh-NME St importances for SINFERNO-B2 temperature (a—d) and
NPP (e-h) parameters. Importances were calculated at 7243 grid cells out of 7771 land grid
cells. The temperature factor (a) and centre (b) parameters are the most important, primarily
in extra-tropical regions. The temperature weight (d) is exclusively important in northern,
temperature-limited regions, while the NPP weight (h) parameter tends to be important in
tropical NPP-limited regions. The temperature shape (c¢), NPP factor (e), and NPP shape (g)
parameters are insignificant.
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Figure 5.10: Sobol MPD Sy importances for SINFERNO-B2 temperature (a-d) and NPP
parameters (e-h). Importances were calculated at 5536 grid cells out of 7771 land grid cells,
with grid cells being omitted due to low BA. The temperature centre (b) parameter is the most
important globally. The temperature factor (a) is mostly important in northern regions and
parts of South America. The NPP centre (f) parameter is important in northern regions and the
Sahel. The NPP factor (e), shape (g), and weight (h) parameters are insignificant.
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Figure 5.11: Sobol arcsinh-NME Sz importances for SINFERNO-B2 dryness (a—d) and fuel
(e-h) parameters. Importances were calculated at 7243 grid cells out of 7771 land grid cells.
The dryness (Dry Bal) centre (b) and shape (c) parameters are the most important globally.
Although most regions are predominantly affected by the dryness centre parameter (b), certain
regions, such as the Sahel, Australia, and South Africa, are more affected by the dryness shape
parameter (c). All other parameters are insignificant, with the exception of the fuel weight
parameter (h), which is of minor importance in northern and tropical regions.
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Figure 5.12: Sobol MPD S importances for SINFERNO-B2 dryness (a—d) and fuel (e-h)
parameters. Importances were calculated at 5536 grid cells out of 7771 land grid cells, with grid
cells being omitted due to low BA. The dryness (Dry Bal) centre parameter (b) is the most
important globally. The dryness factor (a) and shape (c) parameters are of minor, scattered
importance in some (e.g. tropical) regions. Other parameters are insignificant.
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For the instantaneous productivity (Fig. 5.9e-h and 5.10e-h), the sigmoid parameters are
mostly insignificant, with the exception of the centre and weight parameters for the NME and
the centre parameter for the MPD. The weight parameter has a small influence in tropical
regions (Fig. 5.9h). Regarding the NME, and ignoring the desert regions, which exhibit next to
no BA, the sigmoid centre parameter is significant in northern regions (Fig. 5.9f), contributing
to improved NME performance due to the regulation of the phase of burning. This is seen
more clearly in the global influence of this parameter on the MPD (Fig. 5.10f), with the only
exceptions being regions with relatively little NPP variability, such as tropical forest regions,
where the modelled NPP relationship mainly tends to suppress BA. The NPP factor and shape

parameters are generally unimportant.

Parameters concerning dryness, as represented by Dry Bal (Fig. 5.11a—d and 5.12a—d), are
highly significant globally, with the sigmoid centre parameter being important for both the NME

and MPD and the shape parameter mainly influencing the NME.

Litter pool parameters (Fig. 5.11e-h and 5.12e~h) are not significant, with the exception of
the weight parameter, which predominantly has a small influence on the NME in tropical and
northern regions. However, these regions do not completely overlap with regions important for
fuel build-up, as shown in Fig. 5.7c and 5.8c. Although the litter pool variable was shown to
be highly significant in these isolated regions, all of the litter pool parameters are much less

significant in comparison.

5.3.3 Reduced complexity models

Model performance initially improves as the number of parameters increases, asymptotically
approaching a minimum loss before worsening again for the most complicated models with the
most parameters (see Fig. 5.13). The SINFERNO-B2 model generally performed the best across
the range of the number of optimised parameters. The ideal number of parameters (see Table 5.6)
was found to depend on the method employed. Using the AIC (both with and without arcsinh

transformation of the data prior to the computation of the SSE) generally resulted in ideal
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Figure 5.13: Iterative model optimisation performance, measured using the composite loss.
Model performance is generally seen to improve as the number of optimised parameters increases.
Relative improvement gains diminish as model complexity increases, with performance worsening
as the maximum number of parameters is reached. Different optimisation parameters used:
blue triangles denote a maximum of 50 local minimiser iterations with termination of the basin-
hopping algorithm after 1 step yields the same minimum. Green crosses denote the higher
computational cost of 1000 minimiser iterations and a minimum of 5 basin-hopping iterations.
Five-fold cross-validation results are shown in orange and red. The performance of the initial
basin-hopping optimisation and the DREAM MCMC optimisation is shown using dotted lines.
Note the split y-axis due to the much lower performance of the models using only two parameters.
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Table 5.6: Best-performing number of optimised parameters using various methods. The AIC
was calculated using the SSE (both with and without prior arcsinh transformation of the data).
Five-fold CV was carried out using the composite loss (arcsinh-NME + MPD). AIC analysis
generally led to less complex models being preferred compared to CV. For some models, the CV
analysis yielded identical results, leading to a range of ideal parameters.

SSE AIC arcsinh-SSE AIC CV

Scheme Optimisation

N 50,1 9 44 49-50
1000,5 5 5 22
50,1 7 22 40

A2 ’
1000,5 5 10 15-17
- 50,1 11 13 38
1000,5 11 9 18

1 2

B9 50, 8 8 8
1000,5 11 8 17

models with relatively few parameters (~10). On the other hand, the CV approach using the
composite loss yielded very different results depending on the optimisation settings employed. For
the more thorough settings of 1000 local minimiser iterations and a minimum of 5 basin-hopping
iterations, models with an intermediate complexity (~20) were selected using the CV method,
while the cheaper optimisation with 50 local iterations and 1 basin-hopping iteration led to more

complicated models with 28-50 parameters being preferred.

Past ~30 parameters, increasing model complexity did not lead to large performance im-
provements, with performance generally worsening for models with more than ~45 parameters.
SINFERNO models optimised in a standalone fashion without knowledge of the previous minima,
albeit with a higher minimum number of basin-hopping iterations (15 compared to 5; ‘1000,15’
in Fig. 5.13), performed worse than the models trained using the iterative model optimisation at

~30 parameters.

While Fig. 5.13 provides an overarching perspective on the influence of model complexity on
SINFERNO performance, it is also instructive to look at the individual model configurations
arrived at during the iterative algorithm’s search (such as Fig. 5.3 and 5.4). It is consistently the

case that as model complexity grows and new variables may potentially be included, dryness
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and temperature are included first. Fuel is generally included next, followed, finally, by NPP.
The order of inclusion in the reduced-complexity SINFERNO models provides an estimate of
the relative importance of different predictors for the BA predicted by SINFERNO.

Typically, model performance improved more by including additional predictors as opposed to
making the response of BA to existing predictors more PFT-group dependent (e.g. by optimising
separate sigmoid parameters for each PFT-group). At around 20 optimised parameters (which
represents the optimal performance according to the random CV employed), models generally

included all four categories.

5.4 Discussion

5.4.1 GAM analysis

While the temperature relationships fit by the GAM model generally agreed with the under-
lying relationships of SINFERNO-B2, the GAM relationships decreased towards the highest
temperature values for the Tree and Grass PF'T-groups. This contradicts the rising or plateauing
relationships fit by SINFERNO-B2 but probably reflects a lack of data towards the highest
temperatures since the number of observations decreases significantly towards the extremes.
Since GAMSs prioritise smoothness, uncertain relationships in regions with limited data may then
also unduly affect the fitted relationships in regions with sufficient data.

While the SINFERNO and GAM models only agreed on the underlying NPP relationship
for shrubs, there was a partial agreement for the other PFT-groups. In regions with the highest
density of NPP data (i.e. low NPP), the GAM model fit roughly constant relationships, in
agreement with SINFERNO, suggesting that the flat relationships fit by the SINFERNO-B2
model primarily reflect the conditions observed for most of the data, i.e. that for most values of
instantaneous Tree and Grass NPP, there is no limitation on BA.

The discrepancy between the relationships fit by the GAM and SINFERNO-B2 for the Dry Bal
variable may indicate overfitting to a potential local minimum represented by the particular set

of training data chosen here. This is because the relationships fit by SINFERNO-B2 between Dry
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Bal and flammability appear unphysical since there is apparently no dependence of flammability
on VPD and precipitation for the Tree and Shrub PFT-groups. This would be expected to result
in worse performance in general since it is expected that these variables do have an influence in

reality, contrary to what is suggested by the flat curves fit by SINFERNO-B2.

Since the SINFERNO and GAM models rely on different mathematical formulations with
different constraints, it is not surprising to encounter only qualitative agreement between their
respective relationships to flammability. However, while the GAM model often fit more oscillatory
relationships than the SINFERNO-B2 model, there is an overall agreement between the GAM
and SINFERNO-B2 relationships in terms of the sign and shape of the relationships. The
often oscillatory nature of the GAM relationships may itself be a reflection of overfitting due
to insufficient smoothing. Since the effective GAM relationships depend on all data at a given
time and location due to the way the GAM was formulated, this represents another source of
discrepancy between the shown GAM and SINFERNO relationships. Especially the position
along the x-axis of the GAM relationships is expected to be significantly affected by the combined
effect of the other variables considered since, as shown in Fig. 5.6, the value of the other variables
affects the offset of the fitted relationships along the x-axis. Thus, the GAM analysis suggests
that, overall, the fitted SINFERNO-B2 model is likely to be a reasonable description of the

underlying processes.

5.4.2 Sobol sensitivity analysis

The litter pool input variable (which represents fuel build-up) has a particularly large regional
variability, as the magnitude of the global standard deviation far exceeds the magnitude of the
average total effect itself. For most variables, the significance standard deviation is at least
as large as the mean global importance itself, indicating large regional variability of the Sobol
indices. The large regional variability of the input data variable importance arises from the
fact that burning is limited (controlled) by different factors in different biomes. For example,

wet tropical biomes (such as in central Africa) are not limited by temperature but rather by
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fuel drying (or lack thereof). Similarly, the phase of burning in boreal and tundra biomes is
controlled by temperature, not dryness, because this is the primary limiting factor. Interestingly,
the SINFERNO-B2 litter pool (fuel build-up) variable has a large effect on both the NME and
MPD in northern regions such as Alaska, where the SINFERNO models perform much better
than the standard INFERNO, indicating that this may be responsible for limiting the predicted

magnitude of BA in these regions, resulting in a lower BA that is more in line with observations.

The overarching significance of the dryness sigmoid centre parameter supports the importance
of the dry-day parameter from Chapter 3. The larger importance of the centre parameters for the
MPD metric compared to the NME metric is also expected since a modification to the sigmoidal
relationship centres will significantly influence the timing of peak BA, while the other sigmoid

parameters are likely to have a larger influence on the BA magnitude instead.

The low importance of instantaneous productivity and cropland on both the NME and MPD
may be an artefact of the method used to define the Sobol SA sampling bounds for the data
variables. Since this was based on the AV of yearly means at each grid cell, a low TAV would
necessarily lead to a low significance. This is supported by Tables 5.3 and 5.4, where it is apparent
that parameters related to the instantaneous NPP are significant, despite the low importance of

the corresponding NPP data variable.

The high importance of the temperature weight parameter in northern regions is likely
linked to the high temperature seasonality in these regions. Therefore, the response of BA
to temperature is most pronounced there, leading to the elevated importance of the weight
parameter. This is also linked to the relatively low importance of the temperature sigmoid
parameters (factor, centre, and shape) for the NME in regions with the highest BA (e.g. the
Sahel and northern Australia). In these regions, the temperature is likely generally high enough
to sustain burning, even given a (reasonable) variation of the sigmoid parameters, thereby leading
to the low importance of these parameters. The temperature centre parameter is significant
for global MPD because changing the sigmoid centre parameter determines the time of year

when the modelled relationship with temperature permits fire more so than the factor and
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shape parameters, which predominantly influence the extent to which temperature changes may

influence the modelled BA.

With NPP typically being high and relatively constant in tropical regions, the modelled
sigmoidal relationship between NPP and BA usually acts to suppress BA. However, the effect of
this suppression is modulated by the weight parameter, which, when set to 0, may turn off the
suppression altogether. This may explain the influence of the NPP weight parameter as being
due to the varying degree of BA suppression as the weight parameter is changed. Since the NPP
factor and shape parameters are generally insignificant, this indicates that within the reasonable
parameter value bounds determined using the MCMC simulation, the centre parameter is by far

the most important for the relationship between NPP and BA.

Despite the fact that the factor and shape parameters control very similar aspects of the
sigmoid relationships, it is interesting to note that the dryness factor is insignificant compared to
the shape parameter. In addition to the model behaviour, this may be due to the Sobol analysis
sampling bounds set for these variables. Mismatched importance attribution when comparing
the input variables (e.g. litter pool) to their relevant parameters (SINFERNO-B2 litter pool
sigmoid parameters) is likely due to the fact that choosing appropriate sampling bounds for the
Sobol SA analysis is difficult. This appears to be only partially alleviated by the use of MCMC

sampling to narrow down the range of parameter values supported by the observations.

The fact that interactions (as measured by the difference between the total effect, S7, and the
first-order effect, S7) are generally small for the input data variables suggests that the effect of
any given input data variable does not depend on the other input data variables. This is expected
from the way the SINFERNO models are formulated since such conditional interactions (e.g. a
decreasing effect of temperature for low dry-days but an increasing effect of temperature for high
dry-days) cannot arise from the multiplication of several sigmoid functions. However, one special
case is the fact that for certain combinations of input variables and PFT-groups (e.g. very low
temperatures and the Tree PFT-group, which is associated with a weight parameter of 1.0), the

SINFERNO models will never predict non-zero flammability. In this case, the effect of e.g. fuel
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build-up does depend on temperature. The fact that these cases are relatively unlikely is reflected

in the very low magnitude of the interactions apparent from Tables 5.1 and 5.2.

5.4.3 Reduced complexity models

The preference for additional model parameters given less local minimisation (i.e. fewer local
minimisation iterations) is likely due to the effect of local minimisation on the degree of overfitting.
As the number of possible minimisation iterations is increased, models tend to fit the training
data better, potentially at the expense of performance on unseen data (i.e. generalisability).
Similarly, an increased number of model parameters (increased number of degrees of freedom)
typically allows models to fit the training data better, which may also decrease generalisability. It
follows that increasing either the model complexity (number of parameters) or the minimisation
effort is likely to increase model performance. At the same time, increasing either of the two
too much may lead to overfitting of the training data and therefore to worse CV performance.
Given this trade-off between model complexity and minimisation effort, the best CV performance,
i.e. generalisability, is achieved with either a complex model but low minimisation effort or vice
versa. However, as seen in Fig. 5.13, both the original and CV performance of the models remain
mostly constant across the range of 20-40 parameters, indicating that only small performance

differences within this range contributed to the ordering shown in Table 5.6.

Performance on the training set is expected to improve with every added parameter since the
existing minimum can be further refined using the added degree(s) of freedom. However, the
absence of a performance increase with increasing complexity past ~30 parameters is likely due
to the fact that the computational cost of searching for the global minimum scales very poorly
with the number of dimensions (number of optimised parameters)!. Changing the optimisation
parameters to both explore multiple minima (basin-hopping) and spend more time exploring

local minima (local minimisation) (orange triangles instead of red crosses in Fig. 5.13) therefore
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did not improve performance significantly.

The standalone optimisation of the SINFERNO ‘full’ complexity 50-parameter models per-
formed in Chapter 4, with 1000 local minimisation iterations and 15 basin-hopping iterations,
performed worse than the intermediate complexity SINFERNO models with ~30 parameters.
This was likely because the challenge of optimising the model parameters became too great for
the computational time available. The available computational time was chosen heuristically to
maximise performance in a reasonable time (<1 day). This illustrates the difficulty in optimising
even a parsimonious and GPU-accelerated empirical fire model with <50 parameters. It also
suggests that considerably more computing time might be required to find an improved global
minimum. The improved performance of the DREAM MCMC sampler shown in Fig. 5.13 con-
firms this since the DREAM algorithm was able to find a better minimum than the basin-hopping

algorithm, albeit using more computational resources.

The discontinuous nature of the composite loss also complicated the search for a global
minimum. Depending on the (pseudo-)random parameters of the optimisation method employed
(e.g the initial guesses used by the basin-hopping algorithm), the MPD error may vary abruptly
as the number of valid grid cells (with non-zero predicted BA for at least one month) is affected

by minute changes in model parameter values.

Both the Sobol method (see Section 5.3.2) and the predictor importances derived from the
reduced complexity models using the inclusion order agree that temperature and dryness are
the most important predictors. As with the SOFTA models in [Forkel et al., 2017], it was often
found that including human influence (cropland in this case) did not significantly improve results.
The cropland-specific parameter was typically not added until the last stages of the optimisation
process, indicating its lower significance compared to the other data variables that were generally

all included earlier. This is also supported by the low importance of cropland according to the

!This is despite the use of algorithms designed for this purpose, such as basin-hopping or genetic optimisation
algorithms (see Driike et al. [2019] for an example of fire model optimisation using a genetic algorithm). It also
applies to sensitivity analysis, where a good coverage of the entire input space is crucial for accurate estimates
of parameter significance [Saltelli et al., 2008]. This easily becomes prohibitive for higher dimensions, which is
another motivation for grouping related variables prior to carrying out Sobol SA, as was done herein, in order to
keep the number of dimensions being probed in check.
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Sobol SA, as seen in Tables 5.1 and 5.2.

5.5 Conclusions

GAM analysis revealed that the relationships fit by the SINFERNO-B2 model are plausible
and, therefore, that the constraints imposed upon the SINFERNO components during model
optimisation are supported by the data.

Dryness was found to be the most important overall on the global climatological scale
investigated, with the temperature being nearly as important. This supports the findings of
Chapter 3, where the dry-day period was found to be the most important climatic driver of
climatological BA. While the sigmoid centre parameters accounted for most of the significance
for controlling both NME and MPD, all sigmoid parameters contributed to controlling NME,
while the centre parameters were dominant in their influence on MPD. This is expected since
the centre parameters determine the point in time when the modelled flammability alternates
between being high or low. In addition to dryness and temperature, instantaneous NPP had a
significant impact on MPD via its associated sigmoid centre parameter. Fuel build-up (via its
associated weight parameter) contributed more to NME, on the other hand. Such insights into
the parameters controlling different aspects of the modelled BA allow model improvement efforts
to be more focused. For example, to improve phase performance, the focus should be directed
towards the magnitude and seasonal cycle of instantaneous NPP and the values of the sigmoid
centre parameters used throughout SINFERNO. Using map plots of the Sobol indices, regions
with particularly high significance for either the phase or magnitude of the modelled BA could
also be isolated and studied in greater detail.

Probing the significance of individual data variables and parameters revealed that there
exists significant regional heterogeneity. For example, the temperature sigmoid weight parameter
was most important for the NME and MPD in northern regions, while the temperature centre
and dryness centre parameters had a near-global impact on both the NME and MPD. The

dryness shape parameter had a large effect on the NME in the Sahel and Australia without a
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significant impact on the MPD, while the NPP centre parameter predominantly affected the
MPD performance in northern regions and the Sahel. Therefore, using the Sobol SA technique,
I was able to disentangle the predictors and parameters that were most important for predicting
either the magnitude or timing of BA and where they predominantly impacted predictions.
However, the reliability of the Sobol significance estimates could be further improved in the
future by using an improved way of setting the Sobol SA sampling bounds for data variables
as opposed to the TAV of yearly mean values at each gridpoint, perhaps taking into account

predictions of future variability as well.

Reduced complexity models served to illustrate the importance of including all data sources
in the model for optimal performance, as well as providing a potential alternative to parameter
optimisation of the full model to begin with, since model performance was improved by iteratively
increasing the model complexity. Cross-validation of the models at every stage of complexity
also underlined the resilience of the parsimonious SINFERNO approach to overfitting since the
cross-validated performance was consistently very close to the models trained on the full dataset.
However, using both cross-validation and the AIC, it was shown that the ideal model includes

20-40 parameters (compared to the full 50).

The three methods used here each provide supplementary information, which, when combined,
can be used to make informed decisions about the further optimisation of an empirical model
such as SINFERNO. Since GAM analysis probes the realism of the underlying relationships,
i.e. sigmoidal relationships in the case of SINFERNO, it can be used to determine whether
adequate representations of the underlying processes have been chosen. Both Sobol SA analysis
and reduced complexity models provide a means of determining which predictor variables and
model parameters are significant. Here, reduced complexity models have indicated that the
ideal SINFERNO model does not include all 50 allowed parameters. Rather, a subset of ~30
parameters should be chosen in order to maximise performance, ideally containing all four
data variables. Sobol SA analysis has shown that most of the sigmoid shape parameters are

insignificant, suggesting that these parameters may not need to be scrutinised in as much
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detail as the other parameters. Therefore, a synthesis of the information provided by the
three methodologies provides instructive guidance regarding which aspects of the model being

investigated should be optimised.
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Chapter 6

General Discussion and Conclusions

6.1 Summary

I showed in Chapter 3 that antecedent (vegetation) conditions that influence fuel build-up and
drying have a significant influence on the global burnt area (BA) and therefore, by extension,
flammability (see Table 6.1). The fraction of absorbed photosynthetically active radiation
(FAPAR) was found to be the most significant vegetation variable compared to the leaf area
index (LAI), vegetation optical depth (VOD), and solar-induced fluorescence (SIF), while the
dry-day period and maximum temperature were the most important climatic variables. There
are consistent differences between instantaneous and antecedent relationships with BA, such
as a positive effect of antecedent FAPAR but a negative effect of instantaneous FAPAR. This
is due to the influence of antecedent FAPAR on fuel build-up, with vegetation growth in the
months leading up to the fire potentially increasing fuel loads, especially in biomes with a short
fire return interval (FRI) and fast vegetation regrowth. Conversely, low instantaneous FAPAR
suggests the prevalence of dry conditions conducive to fuel drying in the month of the fire. The
relative significance of antecedent and instantaneous conditions for the prediction of BA was
also quantified, with conditions on timescales >1 year generally being insignificant. For FAPAR,
for example, longer timescales of around 4 months contributed more towards fuel build-up in

temperate regions, while recent conditions had a larger influence on fuel drying in the tropics.
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Table 6.1: BEST15 RF model variables from Chapter 3 as ranked according to the composite
importance metric from Section 3.2.4. Along with their importance ranking, the variables are
related to the underlying physical processes they represent. Generally, variables represent fuel
build-up and drying or ignitions and/or fire suppression.

Chapter 3: BEST15 RF model

Rank Variable Significance
1 FAPAR Current-month FAPAR: fuel drying.
2 DD Current-month dry-day period: fuel drying.
3 FAPAR IM One-month antecedent FAPAR: fuel build-up.
4 LAI 3M Three-month antecedent LAI: fuel build-up.
5 CROP Cropland cover: anthropogenic influence on ignitions and suppression.
6 MaxT Current-month maximum temperature: fuel drying.
7 SIF 9M Nine-month antecedent SIF: fuel build-up.
8 DD 1M One-month antecedent dry-day period: fuel build-up and drying.
9 POPD Populatif)n density: anthropogenic influence on ignitions and
suppression.
10 DD 9M Nine-month antecedent dry-day period: fuel build-up and drying.
11 DD 6M Six-month antecedent dry-day period: fuel build-up and drying.
12 Lightning Lightning: natural ignitions.
13 SIF 6M Six-month antecedent SIF: fuel build-up.
14 DD 3M Three-month antecedent dry-day period: fuel build-up and drying.
15 DTR Current-month diurnal temperature range: fuel drying.

Based on these findings, a new flammability parametrisation, the Sigmoidal INFERNO
(SINFERNO) model, was developed in Chapter 4. Prior to parameter optimisation, an arcsinh
transformation was applied to the observed BA in order to prioritise regions with lower BA
which are typically poorly represented in global fire models due to an implicit focus on regions
experiencing the highest orders of magnitude of BA. The new SINFERNO models outperformed
the standard INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO)
in northern regions, where the phase error of the predicted BA was much reduced by the explicit
consideration of new antecedent predictor variables such as a newly parametrised litter pool
variable or antecedent net primary productivity (NPP). However, especially in regions with
typically high BA, such as the African Sahel, the new parametrisations struggled to predict high

orders of magnitude of BA. Therefore, the performance of the new parametrisations did not
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Table 6.2: Top two data variables for the SINFERNO-B2 fire model according to the two Sobol
SA metrics and the reduced complexity models from Chapter 5. The Dry Bal combined VPD
and precipitation variable and temperature are consistently the most important.

Chapter 5: SINFERNO-B2 Fire Model Data Variables

Sobol SA

Rank Reduced Complexity Model
arcsinh-NME MPD

1 Dry Bal Dry Bal Temperature

2 Temperature Temperature Dry Bal

improve over the standard INFERNO model everywhere. Out of the four different SINFERNO
parametrisations investigated in Chapter 4, the SINFERNO-B2 parametrisation, using vapour
pressure deficit (VPD) and precipitation to represent dryness, and a re-parametrised litter pool

to represent fuel loads, performed the best.

The SINFERNO parametrisations were investigated in Chapter 5, with a particular focus on
the best-performing SINFERNO-B2 fire model parametrisation (see Tables 6.2 and 6.3). The
underlying relationships were found to be described reasonably well by the sigmoidal relationships
employed for the new parametrisation. Furthermore, dryness and temperature were found to be
the most important predictor variables (see Table 6.2), with instantaneous NPP contributing

more to the phase performance, while fuel build-up had a greater influence on the magnitude of

the predicted BA.

Analysis of the significance of the different model parameters led to the same conclusion,
with dryness and temperature parameters emerging as the most important (see Table 6.3). The
centre sigmoid parameters of the sigmoidal relationships that were used to link the predictor
variables to BA in the SINFERNO model were found to be most significant for the phase
of the predicted BA, while all four parameters contributed to the overall magnitude of the
predicted BA to some degree. Since the centre parameters effectively determine the point in
time at which flammability responds to the underlying predictors, they had the largest impact
on the phase performance. The temperature factor parameter, which influences how strongly

flammability responds to temperature, was found to be highly significant by both the Sobol and
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Table 6.3: Top 10 SINFERNO-B2 fire model parameters according to the two Sobol SA metrics
and the reduced complexity models from Chapter 5. According to the Sobol SA, the sigmoid
centre parameters, which influence the transition point between high and low flammability, are
the most important, and even more so for the phase error (MPD). The reduced complexity
model analysis mostly preferred the increased optimisation of factor parameters, which influence
how rapidly the lammability responds to variations in the variables. See Fig. 4.5 for an overview
of the different sigmoid parameters. Both the Sobol SA and the reduced complexity modelling
approaches prioritised temperature and dryness, although both Sobol SA metrics favoured
dryness, while the reduced complexity modelling preferred temperature.

Chapter 5: SINFERNO-B2 Fire Model Parameters

Sobol SA
Rank obo Reduced Complexity Model
arcsinh-NME MPD
1 Dry Bal Centre Dry Bal Centre dLSajele DIE
(Factor & Centre & Shape)
2 Temperature Centre  Temperature Centre (T;ifsirétg; IZ?CSt}?iubs)
Dryness
3 Fuel Weight NPP Centre (Factor & Centre & Shape)
(Trees & Grass)
Dryness Factor
4 Temperature Factor Temperature Factor
(Trees; Grass)
Fuel
5 Dry Bal Shape Dry Bal Shape (Factor & Centre & Shape)
(Grass)
. Temperature Factor
6 NPP Cent NPP Weight
onre 8 (Trees & Grass; Shrubs)
NPP
7 NPP Weight Temperature Weight (Factor & Centre & Shape)
(Shrubs)
8 Temperature Weight Fuel Weight ?éi;singfubs)
9 Dryness Weight Dry Bal Factor AL I e
J 2 4 (Trees; Grass & Shrubs)
10 Dry Bal Factor Temperature Shape Temperature Weight

(Trees & Grass)

reduced complexity modelling approaches. The sigmoid shape parameters that influence the
asymmetry of the underlying relationships were generally not found to be as important as the
other parameters. Even though the SINFERNO model can make use of 50 parameters to be
optimised with respect to the observations, using just ~30 variables was found to perform best,

with many parameters, such as most of the sigmoid shape parameters, having been identified
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as unimportant. Consequently, computational and investigative efforts can be concentrated on

refining the parameters that were found to have a more significant impact.

Methodologically, Chapter 3 used accumulated local effects (ALE) plots instead of the
established partial dependence plots (PDPs) in order to estimate the underlying relationships fit by
the random forest (RF) machine learning models in a robust manner when given correlated input
variables. Similarly, other existing techniques, such as SHapley Additive exPlanations (SHAP)
values, were used to gain further insights from the empirical analyses by providing alternative
means of elucidating black-box machine learning models. While earlier studies have explored fire
drivers, including antecedent effects [e.g. Archibald et al., 2009, Forkel et al., 2017, Joshi and
Sukumar, 2021, Haas et al., 2022], I was able to quantify the relative importance of a range of
antecedent time periods on a global scale using these techniques. The importance of the different
predictor variables and time periods on fuel build-up and drying could also be discerned on a
regional basis, allowing explicit links to be made between controls on fire and the distribution
of biomes. The composite loss and sensitivity analysis (SA) methods used in Chapters 4 and 5
also provide new ways to optimise model parameters and interrogate their significance. Using
approximate Bayesian computation (ABC) alongside the Sobol SA technique allowed for more
robust quantification of the parameter uncertainties supported by the data. The Sobol SA
approach has previously been used to understand global models, e.g. climate models [e.g. Lee
et al., 2011, Wild et al., 2020]. Here, I applied it to the empirical SINFERNO fire model in order
to improve the robustness of the sensitivity analysis compared to simple local perturbations [e.g.
Le Page et al., 2015, Mangeon, 2017]. For example, while the global temperature perturbations
of £1.5 K used by Mangeon [2017] represent an analysis of the model response to a specific
perturbation, Sobol SA enables an analysis of parameter significance across a wide range of input
data [Saltelli et al., 2008]. Therefore, while these techniques are not new, they have been adapted
in this work for the study of wildfire drivers and wildfire models and, in some cases, used jointly
in order to carry out empirical analyses and empirical modelling of wildfires in greater detail

with increased statistical robustness. As such, there is potential to make use of them to evaluate
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future fire models as part of a more comprehensive evaluation strategy.

6.2 Future work

Chapter 3 used RF algorithms to demonstrate the importance of antecedent vegetation conditions
that influence fuel build-up and antecedent conditions that influence fuel drying. However, the
performance of the various RF models used could be improved by re-calibrating the model
hyperparameters for each set of variables. Additionally, buffered leave-one-out cross-validation
(B-LOO CV) or the combined variable importance metric developed in Chapter 3 could be used
to select ideal predictor variables more robustly. The longer-term monthly analysis was also
carried out using the same predictor variables that were identified as being important by the
climatological analysis. Re-evaluating the predictor variables included in the longer-term monthly
analysis could therefore lead to new insights that eluded the climatological analyses, such as the
significance of decadal antecedent effects on fuel build-up.

Prediction of productivity and vegetation indices like FAPAR was shown to be crucial for the
accurate modelling of BA. However, it was also demonstrated that FAPAR is currently poorly
predicted by the Joint UK Land Environment Simulator (JULES). Empirically, I found that
the seasonal cycle of these quantities is important for the prediction of fuel build-up and that
these are therefore crucial variables for improving fire simulations in coupled fire models such
as JULES-INFERNO. Thus, further work should be undertaken to improve the prediction of
FAPAR and related quantities in land surface models (LSMs) like JULES in order to improve
our fire modelling capacity.

While SINFERNO improves upon the standard INFERNO BA predictions in high latitudes,
it is known that peat fires play a crucial role in these regions. In addition to improved prediction
of vegetation indices like FAPAR and litterfall, which could result in improved fuel build-up
representation, explicit modelling of peat and the resulting ability to directly model peat fires in
JULES-INFERNO would likely further improve performance both in northern regions and in

equatorial Asia. Furthermore, exploring regional- or biome-specific parametrisations instead of
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using PFT-specific parameters to cater to specific biomes based on their distribution of vegetation
types may yield better results depending on the selected regions and the intended scope of the
resulting fire model. The robustness of the SINFERNO parametrisations could also be improved
by applying the CV applied to the continuous parameters in Chapter 5 to the discrete parameters
as well. This is especially relevant for the SINFERNO-B2 parametrisation since this has the

most discrete parameters.

Chapters 3, 4, and 5 demonstrated the inability of simple proxies of anthropogenic influence
on BA, like population density and cropland cover, to demonstrably improve BA predictions
on the global climatological scales investigated. While incorporating the Human Development
Index (HDI) has shown promise for improved INFERNO BA predictions [Teixeira et al., 2021],
HDI (along with population density and cropland cover, amongst others) does not account for the
seasonal variability of human ignition potential, and likely does not capture regional variability in
human—fire interactions sufficiently. Therefore, more refined representations of human influence
on fires may improve modelled BA in regions particularly affected by human intervention. For
example, more agent-based [Ford et al., 2021] approaches, as suggested by Pfeiffer et al. [2013] for
the SPITFIRE model, where different groups of people (such as pastoralists or farmers) exhibit
different interactions with fire, may improve our representation of human—fire interactions. In the
absence of such detailed treatment, the straightforward removal of grid cells with high cropland
cover, similar to Knorr et al. [2016], may be preferable to an otherwise indeterminate and spatially

heterogeneous relationship with measures of anthropogenic influence such as cropland cover.

While the Sobol SA used in Chapter 5 permits more robust estimates of parameter significance
than local point estimates resulting from simple perturbations, knowledge of the magnitude of
Sobol SA sampling bounds is still required in the same way that perturbation magnitudes are
required for a simpler SA approach. Even though this is somewhat alleviated by the use of
Markov chain Monte Carlo (MCMC) simulations in order to estimate sampling bounds for the
parameters supported by the BA observations, estimating the sampling bounds for the underlying

predictor variables proved to be challenging since using the inter-annual variability (IAV) of the
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yearly mean values at each grid cell, as done in Chapter 5, invariably leads to the exaggeration
of the importance of variables and locations with inherently large yearly IAV. Further work
should be undertaken in order to understand the regional uncertainties inherent to the predictor
variables used and how these should be integrated into a SA framework. For example, to
improve the sampling bounds used for SA analysis of data parameters, one could consider global
measures of variability, e.g. the standard deviation. Further, reduced-complexity models could
be used to carry out MCMC and Sobol sensitivity analyses to capture how models with fewer
parameters respond to variations in the input data and parameters. The techniques applied
to the SINFERNO models could also be applied to the standard INFERNO model to enable
further comparisons with the SINFERNO models. My results regarding the evaluation of JULES
performance could also be related to an anticipated JULES-ES evaluation [Mathison et al., 2022],
with e.g. overestimated tropical tree cover being one of their findings. Future improvements to
JULES arising from such works, and resulting in improved modelling of vegetation distribution,
should also be considered when using JULES-INFERNO to enable more accurate modelling of

BA.

The techniques used in this thesis also have the potential to be applied to other fire models
to aid in fire model intercomparison projects and, thus, their continued development. They
include the more statistically rigorous ALE plots and the spatial autocorrelation analysis of
machine learning models used in Chapter 3 and the Sobol and MCMC analyses from Chapter 5.
Since these techniques rely on the analysis of large amounts of data to be statistically significant,
emulators would likely be required to apply the techniques used here, Sobol SA and MCMC
analysis in particular, to more complicated models like process-based fire models (and fire-enabled
Earth system models (ESMs) in general), since these would otherwise take far too long to run.
This has previously shown promise for climate models (see e.g. Wild et al. [2020]). Fire models
could also be investigated for a small subset of grid cells (see e.g. Driike et al. [2019] for an example
of fire model optimisation in South America), potentially enabling the use of the analytical

techniques employed here without the need for emulation.
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6.3 Wider implications

Climate change has been shown to affect future fire regimes and vice versa, with fires having the
potential to influence future climate, especially in the context of land-use change. Therefore, a
greater understanding of the biophysical and anthropogenic drivers of fire and their interactions
is crucial for an accurate assessment of future fire impacts on the terrestrial biosphere.

The empirical analysis of fire drivers in Chapter 3 has enabled new insights into the importance
of antecedent climate and vegetation conditions on fire activity. In addition to confirming the
importance of antecedent vegetation conditions for BA prediction, the use of correlation-tolerant
techniques allowed the quantification of the relative importance of different antecedent time
periods on both fuel build-up and drying on a global scale. By bettering our understanding of fire
drivers, such insights can improve our capability to model global fire. Consequently, predictions
of the impact of climate change can be refined.

Fire parametrisations that focus on regions with typically low BA, like the SINFERNO
models developed in Chapter 4, are especially significant since these regions are expected to
experience greater changes in BA under future climate scenarios. With the phase performance of
existing fire models having been identified as an area for improvement, potentially due to an
insufficient representation of vegetation impacts on flammability, the SINFERNO models that
were formulated based on my empirical analyses of BA demonstrate that by utilising (antecedent)
vegetation properties, performance in regions that already displayed good performance can largely
be maintained while improving performance in (e.g. northern) regions that were previously poorly
represented. Therefore, future fire modelling studies may be able to utilise similar insights in
order to achieve comparable improvements to the predicted flammability.

Overall, the work presented here can improve the robustness of empirical fire driver analyses,
individual fire model assessments, and fire model intercomparison projects, thereby contributing
to the expanding field of fire science at a time when the implications of fire have come to be

intensely scrutinised.
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