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ABSTRACT

Wildfire danger is increasing within temperate ecosystems that have not historically been
prone to extreme wildfires. To date, assessments of wildfire danger have typically been
constrained to coarse spatial scales using systems that were developed within traditionally
fire prone regions. However, the processes controlling wildfire danger operate across
spatiotemporal scales, supporting the need for a more holistic approach to assessing wildfire
danger that recognises the multi-scale requirements of different decision-making needs. An
understanding of the underlying controls on components of wildfire danger is especially
needed in understudied, emerging fire prone landscapes like the peatlands and heathlands
of temperate Europe, where fine-scale heterogeneity can be important for wildfire danger

and fuels differ to those in traditionally fire prone landscapes.

This PhD thesis examined the multi-scale drivers of wildfire danger in temperate Europe at
the synoptic, landscape, and plot scales through four research papers, finding: (1) Europe-
wide, extreme fire weather and wildfires are more likely to occur during persistent,
anomalous atmospheric blocking. (2) Fuel moisture content is highly variable at the
landscape level, creating on/off thresholding of live fuel availability for wildfire spread and
vulnerability of the organic layer to smouldering combustion associated with landscape
controls. (3) This cross-landscape fuel moisture variability significantly impacts simulated
wildfire behaviour. (4) Among-sampler variability is a relevant source of measurement error
in fuel moisture campaigns that is important to consider and account for to isolate fuel

moisture dynamics at broad spatial scales.



This PhD thesis contributes to our understanding of the multi-scale processes controlling
wildfire danger in temperate ecosystems by demonstrating that weather patterns at large
spatial extents have a key impact on wildfire occurrence and surface fire weather in the
synoptic temporal range. However, there is a clear need to understand landscape-level fuel
moisture dynamics that are masked using current regional estimates. This is shown to be
relevant for improving fire behaviour predictions in the dominant fuel types in temperate fire
prone ecosystems by indicating that fire behaviour models are sensitive to fine-scale
landscape fuel moisture variability. Finally, in a drive to scale-up fuel moisture field
campaigns using measurements collected from different samplers, it has been possible to
isolate the likely measurement error within intensive fuel measurement campaigns that are
essential for understanding spatiotemporal fuel moisture dynamics. The results of this thesis
have implications for wildfire preparedness, land and fire management decision-making,
embedding citizen science into wildfire research, and understanding future wildfire risk. A
holistic approach to wildfire danger research will ultimately allow for the development of
fuel models, fire behaviour models, and wildfire danger rating systems that meet the
diversity of decision-making needs and spatial complexity of wildfire danger both in

temperate emerging fire prone regions and beyond.
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1 INTRODUCTION

1.1 EMERGING WILDFIRE PRONE LANDSCAPES

Fire is a natural part of most ecosystems and plays a critical role in maintaining ecosystem
health (McLauchlan et al. 2020). However, recent years have seen an increase in wildfire risk
associated with global climate and land use change, intensifying ecosystem, carbon, health,
and societal impacts (Shuman et al. 2022). One aspect of this has been the emergence of
increasing wildfire risk in temperate regions that have not historically been prone to large

wildfires (Belcher et al. 2021).

Peatlands and heathlands are temperate landscapes that currently experience larger
wildfires and frequent fire activity that does not map onto weather drivers, posing a threat
to populations and a society with low wildfire awareness (Gazzard et al. 2016; Belcher et al.
2021; Cardil et al. 2023). Temperate peatlands and heathlands are particularly vulnerable to
wide-ranging environmental impacts under increased fire activity because they contain
globally critical carbon stores (Page and Baird 2016; Kirkland et al. 2023). Peatlands store 550
gigatons of organic soil carbon globally, and approximately 0.19-0.88 million km? of these

peatlands are found in the temperate latitudes (30-50 degrees) (Batjes 1996; Yu 2012).



Severe wildfires can result in smouldering combustion within peat soils and the release of

carbon sequestered over a millennia into the atmosphere (Page and Baird 2016).

Emerging fire prone regions such as Northwestern Europe have been understudied
compared to traditionally fire prone regions like Mediterranean Europe, Canada, and
Australia. Current and future fire regimes in emerging fire prone regions are not well
understood, and operational tools are being applied outside of the fuels and fire regimes
they were originally developed for. Fire prevention, management capacity, and wildfire-
specific policy is also underdeveloped, further compounding increases in wildfire risk under
changing climate (Pandey et al. 2023). Many areas of Northwestern Europe have a large
rural-urban interface, meaning that fires do not necessarily need to be large to have a
significant impact on populations. Climate projections suggest that temperate environments
will continue to experience increased wildfire activity associated with drier and warmer
weather and drier fuels (Perry et al. 2022). It is essential to understand the controls on

wildfire danger in these regions to develop wildfire prevention strategies.

1.2 WILDFIRE DANGER

Wildfire danger is defined as the combination of factors affecting the initiation, spread, and
ease of control of a wildfire (Natural Resources Canada 2021). It is influenced by
characteristics of fuels, topography, weather, and human-risk factors (Figure 1.1). By
understanding the underlying controls on components of wildfire danger (as explored in this

thesis, Figure 1.1), we can develop models that better reflect real-life systems.
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Figure 1.1 Key factors that control wildfire danger and the contribution of this thesis towards understanding the
drivers of wildfire danger.

Fire behaviour describes how a fuel ignites and the development and consequent
characteristics of the fire’s spread. It is therefore an important component of assessing
wildfire danger. The behaviour of a fire is influenced by fuels, weather, and topography, and
fire behaviour models use simplified inputs of these to generate outputs of potential fire
behaviour, including rate of spread (ROS), flame length, and fireline intensity (Finney et al.
2021). ROS is the speed at which a fire travels across surface fuels, and the maximum ROS
refers to the speed at the head of the fire. Flame length is measured as the length from the
midpoint within the active flame to the average flame point. Fireline intensity is the heat

energy release per unit time (Andrews 2014).



Fuels are a key component of wildfire danger. Differences in plant species, arrangement,
amount (fuel load), proportion of living to dead material, and moisture content can all
influence fuel flammability, ignition probability, and fire behaviour (Matthews 2014; Scarff et
al. 2021). In particular, fuel moisture content, i.e., the amount of water in vegetation as a
percentage, is critical for determining whether an ignition will occur and spread. Dead fuel
moisture describes the water content of dead vegetation, such as fallen twigs or litter. It
reflects drying and wetting cycles and responds to the relative humidity of the air and unlike
live vegetation, it is unable to regulate its moisture content (Matthews 2014). Live fuel
moisture describes the water content of living vegetation and is also impacted by plant
physiological responses and carbon dynamics (Dickman et al. 2023). Live vegetation is an
important component of fuel availability in temperate environments. This is particularly true
for peatland and heathland landscapes where live fuel moisture can strongly influence
ignitability during certain seasons, for example it is typically lowest in spring, where these

ecosystems see increased fire frequency (Belcher et al. 2021).

The fuel, weather, topographic, and human-risk factors that influence wildfire danger are
core components of wildfire danger rating systems (FDRS), which can be used to predict fire
weather, fire occurrence, and fire behaviour, and provide a quantitative and qualitative
assessment of potential wildfire danger (Natural Resources Canada 2021). FDRS are
important tools for communicating wildfire danger to the public and informing decision-
making within policy and the fire management sector (Zacharakis and Tsihrintzis 2023).
Research into understanding the underlying controls on wildfire danger can be translated

into developing tailored FDRS.



Empirical models have been developed to capture the factors impacting wildfire danger, but
these have largely been developed in fire prone forested landscapes where meteorological
drivers dominate (Matthews et al. 2019; Natural Resources Canada 2021; Zacharakis and
Tsihrintzis 2023). In lieu of fully integrated FDRS, Fire Weather Indices (FWIs) that are based
on fuel moisture and antecedent weather conditions have been explored for regions with
different fuel types, including the United Kingdom, to capture meteorological wildfire danger
(de Jong et al. 2016). For example, the Met Office Fire Severity Index (MOFSI) is largely based
around the Canadian FWI (Met Office 2023), and others have used FWIs to forward
prediction aspects of wildfire risk in the UK (Arnell et al. 2021; Perry et al. 2022). However,
indices based on meteorological controls do not capture spring wildfire danger well as
phenological, landscape, and ecohydrological controls are also likely important to consider in
these environments (Davies and Legg 2008; Belcher et al. 2021). There are opportunities to
apply lessons learned from countries with a longer fire history to emerging fire prone
regions. However, there is a need to understand the underlying science to inform what can
be applied from other regions, what needs to be adapted first, and what needs to be

tailored.

1.3 WILDFIRE DANGER ACROSS SPATIAL SCALES

Perhaps due to the development of FDRS in traditionally fire prone regions, wildfire danger is
typically considered at the coarse spatial resolution that existing tools have been designed
for (Matthews et al. 2019). This demonstrates the conflation between what existing wildfire
danger models are currently capable of and real-life system processes. This discrepancy is
particularly relevant in the context of emerging fire prone environments, where fine

resolution landscape heterogeneity can be relevant for fire behaviour. We do not yet fully



understand the processes controlling wildfire danger to be able to develop functional models

for decision making (Belcher et al. 2021).

In this PhD thesis, | present a multi-scale conceptual framework for considering wildfire
danger, recognising that different spatial scales may be required for different user needs—
assessing wildfire danger is not a ‘one size fits all’ approach (Figure 1.2). Considering controls
at multiple spatial scales provides a more holistic understanding of the processes driving
wildfire danger. Such an approach will aid the development of functional wildfire danger
assessments that better reflect real-life processes. Furthermore, understanding the benefits
and pitfalls of applying systems at particular spatial scales will help to use fit-for-purpose
systems to answer research questions, make management decisions, and communicate

wildfire danger.

Within this PhD thesis, synoptic scale refers to upper air atmospheric circulation conditions
that vary spatially across 1000’s of km and in the temporal range of several days to weeks
(Barry and Carleton 2001). Landscape scale is defined as the scale that encompasses the
range of variability in topographic, soil, and land cover characteristics within a given regional
climate. Within this PhD thesis, plot scale refers to the fine-scale 20 x 20 m extent of
homogeneous vegetation stands that were defined by previous land management activities.
Within-plot variability in the age, structure, and management of plants as well as landscape
characteristics is minimised in favour of exploring fine-scale fuel moisture dynamics that are

masked at coarser resolutions.
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Figure 1.2 The spatial scales at which controls on wildfire danger are examined in this thesis.

Synoptic scale

The high spatiotemporal variability of point-to-point surface fire weather observations makes
it difficult to generate reliable forecasts beyond the short term (4—7 days). Longer-varying
synoptic-scale circulation patterns by contrast can be more reliably predicted in the medium
range (+10 days) as they do not include the complexity of land surface and boundary layer
effects (Hohenegger and Schar 2007). Understanding how synoptic circulation patterns like
atmospheric blocking impact surface fire weather and wildfire activity may therefore open
opportunities to improve near-term forecasting of wildfire dangerous conditions (Pfahl and

Wernli 2012; Papavasileiou and Giannaros 2023). Improved forecast lead times aid effective



decision making, including wildfire preparedness and resource allocation/movement during
extended, extensive periods of extreme fire weather that may overwhelm suppression

resources (Bloem et al. 2022).

Landscape scale

Existing regional-scale wildfire danger assessments do not capture the high spatial variability
in fuel moisture content at the landscape scale. Consequently, wildfire danger assessments
do not account for fuel-driven within-landscape vulnerability to wildfires and may not reflect
local conditions (Nyman et al. 2018; Matthews et al. 2019). Furthermore, fire behaviour
predictions based on a single regional average fuel moisture estimate could underpredict
expected fire behaviour and create dangerous situations for those suppressing wildfires or

increase the risk of escaped managed burns (Duane et al. 2021; Dickman et al. 2023).

Understanding the drivers of fuel moisture variability at the landscape scale provides
opportunities to enhance the spatial resolution of regional fuel moisture estimates using
downscaling techniques (Nyman et al. 2014). Cross-landscape differences in fire behaviour
and wildfire danger are particularly relevant to consider in emerging fire prone landscapes,
where fire behaviour, including wildfire spread through live fuels and smouldering
combustion of organic soils, can be influenced by fine-scale spatial heterogeneity in
landscape characteristics (Finney et al. 2021). It is therefore important to understand fuel
moisture dynamics at the landscape scale to develop appropriate fuel models for inclusion in

wildfire danger assessments in temperate ecosystems.



Plot scale

Extensive direct fuel moisture measurement campaigns across broad spatial extents are
necessary to capture the spatiotemporal complexity of fuel moisture dynamics for
developing fuel models, especially in emerging fire prone regions where cross-scale fuel
moisture dynamics are not fully understood. Such campaigns require multiple people to
cover the spatial extent of sampling required, but this introduces systematic differences in
measurements between samplers (Bird et al. 2014; August et al. 2020). Plot-scale field
campaigns can be used to experimentally quantify sources of variability in fuel moisture in
order to improve our scientific understanding of fuel moisture dynamics and our ability to
isolate spatial fuel moisture variability from other sources of measurement error (Little et al.
2023). Furthermore, understanding fuel moisture variability associated with among-sampler
differences at the plot scale allows us to capitalise on citizen science opportunities to
understand fuel moisture dynamics at broad spatiotemporal scales that cannot be captured
by traditional, controlled field experiments (Dickinson et al. 2010; Arazy and Malkinson

2021).

1.4 RESEARCH GAPS

There is a need to develop a multi-scale understanding of the processes influencing
components of wildfire danger. This underlying science is needed to develop functional
models for decision making needs at relevant spatial scales. This research is especially
needed in emerging fire prone regions where wildfire danger is less understood, and fuels
and fire regimes differ to traditionally fire prone regions. Examining the multi-scale controls

on wildfire danger will allow us to understand where existing systems fall short and why, as



well as what information is needed to develop systems that are functional for the variety of

purposes and users they serve.

The following are identified as key research areas for wildfire danger research across

spatiotemporal scales (detailed literature reviews given in Chapters 2-5).

1. The extent to which persistent anomalous atmospheric blocking patterns are
important for surface fire weather and wildfire activity across the diverse fire regimes
and human-dominated ignitions within Europe is relatively unknown. Disentangling
synoptic—fire relationships offer opportunities to develop medium-range forecasting
of wildfire dangerous conditions and understand future wildfire risk under climate
change (Chapter 2).

2. Fuel moisture content is highly spatially variable, but the extent and drivers of this
variability within landscapes are unknown. Capturing fuel moisture complexity is
especially important in peatland and heathland Ilandscapes where spatial
discontinuity can impact fire behaviour. Cross-landscape direct fuel moisture
campaigns are rare and have not been conducted in temperate peatlands and
heathlands. Current understanding of the landscape controls on fuel moisture
content is mainly limited to forested fuels and landscapes (Chapter 3).

3. Understanding of the extent to which cross-landscape fuel moisture variability
impacts simulated fire behaviour in operational fire behaviour models is limited. The
ability of existing temperate fuel models and fire behaviour models to adequately

capture landscape complexity is also questionable. Research is needed to understand
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fire behaviour across the observed range of fuel moisture conditions in
peatland/heathland landscapes (Chapter 4).

4. Systematic differences in fuel moisture content measurements between samplers is a
relevant source of measurement error in broad spatial scale field measurement
campaigns seeking to capture fuel moisture dynamics. The extent of uncertainty in
measured fuel moisture related to among-sampler variability is unknown and
currently limits the potential to optimise citizen science in fuel-related wildfire

research (Chapter 5).

1.5 AIMS AND OBJECTIVES

This PhD thesis aims to assess the multi-scale drivers of wildfire danger from synoptic scale
controls on surface fire weather and wildfires across Europe (Chapter 2) to the controls on
fuel moisture variability in a temperate peatland and heathland landscape (Chapters 3-5). To

address the overarching aim, each chapter also comprises their own specific aims:

Chapter 2 aims to examine the association between PPAs and surface fire weather and

wildfire activity across Europe between March and August 2001-2021.

Chapter 3 aims to assess the range of variability in the live and dead fuel moisture content of
Calluna vulgaris across a temperate fire prone landscape and examine the relative
contributions of landscape and micrometeorological drivers of fuel moisture variability at the

landscape scale.

Chapter 4 aims to examine the impact of cross-landscape fuel moisture variation on
predicted fire behaviour across a temperate peatland and heathland landscape using direct

fuel moisture content measurements in BehavePlus simulations.

11



Chapter 5 aims to determine the magnitude and variability of among-sampler variability in
measured fuel moisture at the plot scale within a Calluna vulgaris dominated temperate fire

prone landscape.

1.6 THESIS LAYOUT

This thesis is laid out as a series of research papers. Chapters 2—-5 address individual research
guestions and can be read in isolation from the other chapters. Each chapter contains an
introduction to the relevant literature and research gaps, methodology, results, discussion,
and conclusions. Chapter 6 synthesises the key findings of the preceding chapters in the
thesis and outlines future research directions. The References and Supplementary Materials

for all chapters are presented at the end of the thesis.

12



2 PERSISTENT POSITIVE ANOMALIES IN GEOPOTENTIAL HEIGHT

DRIVE ENHANCED WILDFIRE ACTIVITY ACROSS EUROPE

ABSTRACT

Persistent positive anomalies in 500 hPa geopotential height (PPAs) are upper-air circulation
patterns associated with surface heatwaves, drought, and consequently fuel aridity, elevated
fire weather, and active wildfires. | examined the association between PPA events and
surface fire weather and burned area at a pan-European level. Europe-wide, extreme fire
weather and wildfires were on average 4.3 and 2.7 times more likely to occur concurrently
with a PPA, respectively. PPAs were associated with 28% of pan-European area burned
between March and August 2001-2021, and there was a latitudinal increase in the
percentage of area burned during PPAs up to 49% over Northern Europe. Burned area was
highest in the three days following PPA presence, and fuel moisture indices from the
Canadian Fire Weather Index System lagged behind peak PPA strength, demonstrating the
role of PPAs in pre-drying fuels. PPAs have been associated with significant wildfire events
experienced across Europe, including the 2017 Portugal wildfires, the 2018 UK, Sweden, and

Finland wildfires, and the 2021 Greece wildfires. My findings demonstrate opportunities for
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developing early warning systems of wildfire danger, having implications for wildfire
awareness and preparedness, informing policy, and wildfire management decisions like early

mobilisation and resource sharing initiatives within and across Europe.
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2.1 INTRODUCTION

Global climate change is increasing the risk of co-occurring fire weather extremes across
large geographic regions (Abatzoglou et al. 2021). Recent extreme wildfire seasons across
Europe have demonstrated how long duration synoptic weather patterns promote
synchronous surface fire weather extremes that can strain firefighting resources and even

overwhelm response capabilities (Bloem et al. 2022).

In the Northern Hemisphere mid-latitudes, surface weather is driven by the west to east
progression of synoptic-scale weather systems. Anticyclonic blocking highs and ridges disrupt
the usual zonal airflow for an extended period, leading to hot, dry surface weather (Rex
1950). Where these systems persist, they can lead to extreme events such as heatwaves and
drought (Pfahl and Wernli 2012; Tuel et al. 2022; Rousi et al. 2022). Persistent Positive
Anomalies in 500 hPa geopotential height (PPAs) are associated with a range of such blocking
patterns, characterised by weakened or reversed zonal flow and persistent, large anticyclonic
anomalies (Elliott and Smith 1949; Dole and Gordon 1983). Clear-sky radiative forcing,
atmospheric subsidence, and associated adiabatic warming during PPAs results in extreme
surface temperatures, which may be amplified by land—atmosphere feedbacks including soil
moisture deficits and snow cover changes (Pfahl and Wernli 2012; Tuel et al. 2022; Rousi et
al. 2022). PPAs have been associated with notable heatwaves and droughts throughout
Europe, including the 2003 heatwave that led to an estimated 70,000 deaths in Europe

(Robine et al. 2008).

PPAs are also important for wildfires. Associated extremes in surface fire weather create

conditions conducive to the pre-drying of fuels, sustained ignition of wildfires, and their
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subsequent behaviour (Skinner et al. 2002; Zhao and Liu 2019; Sharma et al. 2022).
Moreover, atmospheric subsidence can lead to poor surface air quality from wildfire smoke
trapped at the surface, with the potential to impact densely populated regions such as the
air pollution events in Russia during the 2010 heatwave (Konovalov et al. 2011). PPAs have
recently been directly associated with wildfire activity in western North America (Sharma et
al. 2022). Wildfires were on average seven times more likely to start during PPAs and were
even more likely at higher latitudes (eight-fold increase above 50°N). Whether these
relationships also hold for the diversity of fire behaviour and human-dominated ignitions

across Europe have to date been unknown.

Weather can influence fire occurrence and behaviour at different spatiotemporal scales.
Relationships between surface fire weather and wildfire regimes have been well documented
at global (Ellis et al. 2022) and regional levels (Fernandes 2019). While the Canadian Fire
Weather Index System (CFWIS) is used widely across Europe to assess fire weather, this
system is not as effective for some of the emerging fire prone regions of Europe with
different fuels the system was not developed for (Taylor et al. 2021). Assessing synoptic
indicators of wildfire activity in addition to surface fire weather indices may prove more

insightful for forecasting fire weather.

Operationally, surface weather observations are used to monitor wildfire danger; however,
their high spatiotemporal variability makes it difficult for numerical weather prediction
systems to generate reliable forecasts beyond the short term (4-7 days). Longer-varying
synoptic-scale circulation patterns by contrast can be more reliably predicted in the medium

range (+10 days) as they do not include the complexity of land surface and boundary layer

16



effects. Previous research found that the predictability error of a 10-day synoptic forecast
was equivalent to a one-day convective-scale forecast (Hohenegger and Schar 2007).
Understanding how PPAs impact wildfire across Europe may therefore open opportunities to
improve our near-term forecasting of wildfire dangerous conditions. Improved forecast lead
times aid effective decision making, including wildfire preparedness and resource
allocation/movement. Advanced warnings of elevated wildfire risk are useful both within and

across agencies and countries.

Studies linking synoptic-scale circulation patterns directly to wildfire activity have mainly
focused on specific wildfire events and seasons (Papavasileiou and Giannaros 2023;
Rodrigues et al. 2023) or weather typing for specific regions (Drobyshev et al. 2021;
Rodrigues). Giannaros and Papavasileiou (2023) recently related extreme fire weather to
blocking over northern Europe and subtropical ridging over southern Europe. Their findings
highlighted the importance of positive upper air geopotential height (Z500) anomalies at a
continental scale. There is therefore a need to narrow in on the specific synoptic circulation
drivers of surface wildfire activity across Europe. Moreover, the exact mechanisms by which
these systems influence surface wildfire activity are still debated, including the role of the
position of the anomaly and event breakdown (Shepherd 2014). There is scope for a pan-
European analysis of the role of PPAs in driving wildfires, as the large spatial and temporal
nature of PPAs may constrain wildfire response capabilities across political borders for an
extended period. Such a scenario occurred during the exceptional 2023 wildfire season in
Canada that experienced persistent blocking ridges in both the west and east, stretching
firefighting resources beyond their limits across the country (Barnes et al. 2023). Across

Europe, the European Civil Protection Pool and RescEU reserve pool of firefighting assets
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provide shared resources where national resources are overwhelmed, including firefighting
appliances, aircraft, and ground crews. Resource sharing is coordinated by the European
Union Civil Protection Mechanism (ICF 2014; Bloem et al. 2022). Understanding the
spatiotemporal extent of PPAs across Europe can provide insights for coordinating pan-

European wildfire response and resource allocation.

There is significant uncertainty surrounding how large-scale synoptic weather patterns will
be affected by future changes in climate. There is some evidence that the conditions
conducive to PPA formation will become more common in the future with weakening of the
jet stream (Francis and Vavrus 2015). High-latitude anthropogenic warming during summer
may lead to increased occurrence of double jets between atmospheric blocks (Rousi et al.
2022). However, whether we are currently observing a weakened jet stream is still actively
debated (Blackport and Screen 2020). Other models predict a decrease in blocking frequency
(Davini and D’Andrea 2020). Representation of atmospheric dynamics such as PPAs in climate
models is poor, and the physical mechanisms of PPA response to anthropogenic warming are
still debated (Shepherd 2014; Manning et al. 2023). As such, it is critical to first understand

how atmospheric circulation patterns like PPAs drive wildfire activity in the present.

| examine the association between PPAs and burned area across Europe between March and
August 2001—2021 by addressing the following research questions: (1) what are the
characteristics of European PPA events? And (2) to what extent are PPAs associated with

surface fire weather and wildfire activity across Europe?
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2.2 METHODS

2.2.1 STUDY REGION

| applied a bounding box of 30°N to 75°N and -50°E to 60°E to detect and track PPA events at
a pan-European level. Dijkstra et al. (2022) estimated ca. 96.5 + 0.9% of burned area across
Europe is started by anthropogenic activities, while lightning ignitions can be regionally
important, such as for the high latitudes of Scandinavia. Fire regimes (area burned and
seasonality) within Europe are spatially variable (Figure 2.1a; Figure S2.1), but climate and
land use change are impacting wildfire occurrence and behaviour across the continent
(Fernandez-Anez et al. 2021; Galizia et al. 2023). Southern European countries are
traditionally fire prone but are experiencing new fire phenomena and extremes associated
with climate, land use, and social change (Fernandez-Anez et al. 2021). The temperate and
boreal regions of Western and Northern Europe are emerging fire prone regions that contain
globally critical carbon stores and are experiencing increasing wildfire risk (Belcher et al.

2021; Cardil et al. 2023).

| present PPA—fire associations by four geographical regions: Northern, Southern, Eastern,
and Western Europe (Figure 2.1b). | use these broad geographically grouped regions to
capture synoptic-scale patterns that are spatially contiguous. In doing so, | aim to capture the
synoptic signal of PPA—fire relationships, despite the variability of wildfire occurrence across
Europe associated with local effects like vegetation cover, fire management strategies and
policies, and ignition sources. In addition to the main regional analyses, | include PPA—fire
associations by country in the Supplementary Material to help understand country-level
patterns within the four geographical regions. | excluded three far Eastern European

countries (Republic of Tiurkiye, Ukraine, and Belarus) from my analyses due to the large
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number of agricultural fires that could not be accounted for within the scope of this research

(Boschetti et al. 2019; Hall et al. 2021).
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Figure 2.1 Average monthly burned area by region (a). Map of Europe and the four geographical regions used to
associate PPAs with surface fire weather and burned area (b). Countries with no 2001-2021 MODIS wildfire
records were excluded from the regional analyses of PPA-burned area associations. ‘Outside’ refers to areas
where surface fire weather and wildfire activity were not examined in these analyses.

2.2.2 DATA

Atmospheric data

| used gridded 500 hPa geopotential height (Z500) and surface variables from the European
Centre for Medium-Range Weather Forecasts (ERA5) global reanalysis dataset, extracted for
the study area between the calendar spring and summer (March—August) 2001-2021

(Hersbach et al. 2020). Hourly surface variables included were accumulated precipitation, 2-
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m air temperature and relative humidity, and 10-m meridional and zonal wind components.
From these data | calculated vapour pressure deficit (VPD). Midday (local grid-cell time zone)
values of the ERAS surface variables were extracted to calculate the Canadian Fire Weather
Indices (Van Wagner 1987). The Canadian Fire Weather Index System (CFWIS) describes the
effects of fuel moisture and weather on fire behaviour and outputs comprise the fine fuel
moisture code (FFMC), duff moisture code (DMC), drought code (DC), initial spread index
(ISI), build up index (BUI), and the fire weather index (FWI). The first three codes refer to the
moisture conditions of the litter, top organic layer, and deeper soil layer with increasing
equilibrium drying times of 16-h, 2-weeks, and 53 days, respectively. The last three codes are
fire behaviour indices, describing the expected rate of spread (ISI), amount of fuel available
(BUI), and an overall rating of fire intensity (FWI). | defined extreme fire weather (FWIx) as
days exceeding the 95 percentile of FWI values for each grid cell for the fire season, as this
definition has been widely used in fire—climate research to characterise extreme fire weather
and large wildfires have been found to occur under such extremes (Richardson et al. 2021;

Jain et al. 2022; Sharma et al. 2022; Giannaros and Papavasileiou 2023).

ERAS atmospheric variables were aggregated from 0.25x0.25 to 1x1 degree spatial and daily
average temporal resolutions as synoptic patterns, including PPAs, are sufficiently resolved at
this resolution (Barnes et al. 2012; Liu et al. 2018; Sharma et al. 2022). Anomalies of surface
variables were calculated by subtracting daily values from the long-term climatological mean

for the study period (2001-2021).

Wildfire data
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| obtained burned area records for my study region from the database provided by the
European Forest Fire Information System (EFFIS) for the period March—August 2001-2021
(EFFIS 2023). In selecting this time window, | capture the peak rates of cumulative number of
wildfires and burned area for spring and summer Europe-wide (San-Miguel-Ayanz et al.
2023), though | recognise this may exclude late summer wildfires and winter wildfires that
can occur outside of this primary window of interest (Resco de Dios et al. 2022). EFFIS
burned area polygons are mapped by the Moderate Resolution Imaging Spectroradiometer
(MODIS) on the TERRA and AQUA satellites at 500 m resolution twice daily and have been
further refined by Sentinel-2 imagery since 2018 to 250 m. The database captures wildfires
greater than 30 ha across Europe, representing ca. 95% of the total annual burned area in
the European Union, making it suitable for analysing large wildfires at the pan-European
level (San-Miguel-Ayanz et al. 2012). | summed daily burned area polygons within each 1x1
degree grid cell, where the date used is the initial date of the wildfire detection and burned
area is total burned area (in hectares; ha) per grid cell. | did not apply a burned area
threshold to my main analyses (aside from the size detectable by MODIS) due to the lower
total number of available records and smaller overall wildfire size in some regions. |
acknowledge this may result in some biases at the lowest burned areas depending on

detection efficiency and the presence of false negatives.

2.2.3 PPA IDENTIFICATION

| used the PPA algorithm of Sharma et al. 2022 (adapted from Miller et al. 2020) to detect
and track PPA events, adjusting the minimum size from 80,000 km? to 40,000 km? to fit the
smaller land area covered by the study area. A brief description of the algorithm is as follows

(for full details see Sharma et al. 2022). | first calculated daily Z500 anomalies for each grid
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cell and applied a 5-day moving mean and latitude correction factor to properly account for
atmospheric energy dispersion (Dole and Gordon 1983). Because | am most interested in PPA
events during the main wildfire seasons when pressure gradients are weaker compared to
winter, | used the daily varying mean standard deviation of the geopotential height anomaly
in a 4-week moving window to define a seasonally-varying threshold for magnitude. Grid
cells that exceeded a given threshold for both magnitude and duration criteria were
identified as PPA grid cells. Here | used a minimum magnitude of 1x standard deviation and
minimum duration threshold of five days. Subsequently, the geometric centroid of spatially
contiguous PPA grid cells were tracked until they reached a size of 40,000 km?, at which point
they were labelled as an individual PPA event. | also assessed the sensitivity of the algorithm
to different thresholds. While the algorithm was relatively insensitive to magnitude and size,
it was affected most by the duration, so | selected five days to exclude shorter events (Table

52.1).

2.2.4 PPA-FIRE CLASSIFICATION

| categorized each day as either PPA—fire, PPA—nofire, noPPA—fire, or noPPA—nofire for each
grid cell in my spatial domain (Table 2.1) as follows. | defined PPA—fire days as the presence
of a PPA during or up to five days prior to a wildfire event (initial day of burned area
recorded) for each grid cell, with the lag accounting for the role of PPA conditions in pre-
drying fuels that may subsequently ignite. | used the same approach to define PPA—extreme
fire weather days as PPA-FWIx, PPA—noFW!Ix, noPPA-FWIx, or noPPA—noFWIx for each grid
cell; however, | confined PPA-FW!Ix days to presence of a PPA on the same day as extreme

FWI recorded (i.e., zero time lag).
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Table 2.1 Each daily grid cell record is categorised as a PPA—fire, PPA—nofire, noPPA—fire, or noPPA—nofire day to
define PPA-fire associations, and a PPA—FWIx, PPA—noFW!Ix, noPPA-FWIx, or noPPA—noFWIx day to define PPA-
FWIx associations.

Category Definition

PPA—fire Presence of a PPA during or up to five days prior to a wildfire event.

PPA—nofire The presence of a PPA in a grid cell is not coincident with a wildfire event during or up
to five days following a PPA.

noPPA—fire A wildfire event is recorded but is not associated with the presence of a PPA.

noPPA—nofire There is no PPA or wildfire activity recorded.

PPA-FWIx Presence of a PPA coincident with extreme surface FWI values (above the 95%
percentile).

PPA—noFWIx The presence of a PPA in a grid cell is not coincident with extreme FWI values.

noPPA-FW!Ix Extreme FWI is recorded but not associated with the presence of a PPA.

noPPA-NoFWIx There is no PPA or extreme FWI recorded.

2.2.5 STATISTICAL ANALYSES

| used linear regression models for each grid cell by month to examine differences in surface
weather anomalies between PPA and non-PPA days. In these models the surface weather
anomaly was the dependent variable, and the independent variable was a 2-level categorical
variable detailing whether a day is PPA or non-PPA. The residuals of the models were
normally distributed, as assessed visually by Q-Q plots, and did not display
heteroscedasticity. | presented the monthly average t-statistic for the regression slope from
the linear model for each grid cell, where positive values depict larger surface anomalies on
PPA days. | chose the t-statistic of the slope, rather than the slope itself because this means

the values are comparable.

| examined the lead-lag relationship between maximum PPA strength and daily surface
anomalies to examine the response of surface conditions to PPAs. The PPA area on the day of
maximum PPA strength was used for calculating spatially averaged surface anomalies, for 15
days prior to and following the day of maximum strength. | calculated PPA strength as the

daily summed area-weighted magnitude. This differs slightly from Sharma et al. 2022’s
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definition, as | explicitly incorporate the effect of latitude on grid cell area from mid to high

latitudes in my calculation.

| generated descriptive statistics to summarise PPA events in Europe and their association
with wildfire activity as per Sharma et al. (2022). The odds ratio (OR) is a measure of the
likelihood that an outcome (extreme fire weather or wildfire activity) will occur given the
presence of an exposure (PPA), compared to the likelihood of the outcome occurring without
an exposure (Agresti 1999). | calculated the odds ratio to determine the association between
PPAs and wildfire activity, where a = PPA—fire, b = PPA—nofire, c = noPPA—fire, and d = noPPA—
nofire (Equation 2.1). Using the same equation, | calculated the OR for the association
between PPAs and extreme fire weather, where a = PPA—FWIx, b = PPA—noFWIx, ¢ = noPPA—

FWIx, and d = noPPA—noFWIx.

OR =22 [Eq.2.1]

bXc

| used a partial Haldane Correction to address the issue of cells containing zero values
leading to errors in the reported OR and to minimise the estimation bias of the OR. This
involves adding a correction factor to all values in the contingency table where there are any
zero values (Greenland et al. 2000). A correction factor of +2 can be used to minimise
estimation bias of small sample sizes such as in this dataset (Table S2.2) (Agresti 1999). |
applied a correction factor of +2 to all the values in the OR calculation where grid cells
contained a zero value for (c) (i.e., all fire activity occurred during a PPA) to obtain a sensical
value of the PPA—fire association. | similarly applied a correction factor of +2 where normal
OR values were obtained (i.e., cells with no zero values) to allow comparability between

these two scenarios. Grid cells that did not experience any fire between 2001-2021 returned
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no real OR value and are not suitable for exploring PPA—fire relationships. Therefore, no
correction was added to these cells so they would be excluded from subsequent descriptive
statistics. Where grid cells contained a zero value for (a) (i.e., no fire activity occurred during
a PPA), the resulting OR value is zero, which is reflective of the lack of PPA—fire association,
so no correction was added to these cells. | calculated the OR for each grid cell and month
using counts of the daily timeseries of records as defined in Table 2.1. | presented summary
statistics of the grid-cell level OR by region (and by country in the Supplementary Material)
to reduce the sensitivity of the reported OR to individual grid cells. | also calculated the OR
for the association between PPAs and extreme fire weather following the above approach.
The PPA algorithm and all statistical analyses were carried out in R version 4.1.2 (R Core Team
2022), using packages igraph (Csardi and Nepusz 2006), Raster (Hijmans 2022a), Terra

(Hijmans 2022b), and zyp (Bronaugh and Werner 2019).

2.3 RESULTS

2.3.1 CHARACTERISTICS OF EUROPEAN PPAS

| identified 514 PPA events between March—August 2001-2021 across Europe (an average of
24.5 events per year), and the median event duration was 10.2 days (Figure S2.2). July and
August had the highest percentage of PPA days, which were centred over Scandinavia and

the North Atlantic Ocean, respectively (Figure 2.2).
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Figure 2.2 Average monthly percentage PPA days for each grid cell across the pan-European spatial domain of
30°N to 75°N and -50°E to 60°E, 2001-2021.

2.3.2 PPAS AND SURFACE FIRE WEATHER

Anomalies of surface air temperature (Temp) and VPD are greater for PPA days than non-PPA
days, while wind speed anomalies (WS) are lower during PPAs. These relationships are
consistent across Europe, though anomalies are greatest in central and northern Europe
(Figure 2.3). The FWI, FFMC, and ISl are higher for PPA days but not to the same extent as the
surface meteorological variables. DC and DMC anomalies are greater on PPA days for parts of
central and Northern Europe but are lower for parts of Southern and Western Europe
compared to non-PPA days. PPA—non-PPA differences were stronger during summer than

spring months (Figure S2.3).
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t-statistic

Figure 2.3 Average test statistic from monthly linear regression models comparing surface anomalies between
PPA and non-PPA days. Positive values (orange) denote grid cells where surface anomalies are higher on PPA
days than days where there was no PPA. Negative values (purple) denote grid cells where surface anomalies are
lower on PPA days than non-PPA days.

Daily VPD and midday temperature anomalies increase with strengthening PPA, while
midday relative humidity and accumulated precipitation decreases (Figure 2.4Figure 2.4).
The peak/trough of surface anomalies coincide with peak PPA strength, except for
precipitation, which reaches a low two days following maximum PPA strength. Temperature
increases slightly ahead of increasing PPA strength, which is most pronounced for Southern
Europe (Figures S5.4-S5.7). The CFWIS components have a shifted lag following peak PPA
strength, which is consistent with the longer response times of the DMC and DC and

continued drying within the soil following the peak of the event. Wind speeds are
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anomalously low during the maximum PPA strength and increase following the breakdown of

the system, but there is a lag of several days for wind speeds to return to normal levels.
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Figure 2.4 Lead-lag relationship between PPA strength and surface anomalies. Blue line

maximum strength on day 0. Orange line = average surface anomalies for the maximum PPA strength area 15

days either side of maximum PPA strength.
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2.3.3 PPAS AND EXTREME FIRE WEATHER

The odds of the 95™ percentile of FWI values being exceeded is an average of 4.3 times
greater under PPA conditions. Extreme FWI values are most likely to coincide with PPA events
for Northern (mean OR = 5.1) and Eastern Europe (mean OR = 4.3), followed by Western
(mean OR = 3.9), and Southern Europe (mean OR = 3.5). There are very few records of
extreme FWI values in March, hence the very high or low odds ratio values that are only
comprised of a few grid cells (Figure 2.5). A more detailed breakdown of odds ratios by

country and region can be found in Figure S2.8 and Table S2.3.
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Figure 2.5 Odds ratio (OR) analysis showing the likelihood of a PPA occurring concurrently with extreme FWI
(above the 95th percentile). OR were calculated monthly for each grid cell (a) and summarised by region (b). OR
> 1 (non-grey colour ramp in (a) and above red line in (b)) indicate a higher likelihood of experiencing extreme
FWI values concurrently with the presence of a PPA. Grey cells in (a) depict locations where extreme FWI values
are less likely during PPAs, and white cells are locations with insufficient data to calculate an OR. The colour
ramp in (a) is set to a maximum of 15, where OR > 15 are set to OR = 15 to allow for ease of interpretation.

2.3.4 PPAS AND WILDFIRE BURNED AREA

On average, the odds of a wildfire occurring concurrently with a PPA increases by a factor of
2.7 across the four regions of Europe between March and August. My findings are
spatiotemporally variable, reflecting the differences in wildfire regimes across Europe. |

therefore also look at monthly and regional associations between PPAs and wildfire (Figure
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2.6). Regionally, wildfires are most likely to occur concurrently with PPAs for Southern Europe
(mean OR = 3.3), followed by Eastern, Western (mean OR = 2.4 each), and Northern Europe
(mean OR = 1.9). In contrast, the percentage of burned area associated with PPAs was
highest for Northern (49%) and Western Europe (36%), followed closely by Eastern (34%),
then Southern Europe (27%) (Figure S2.10). A more detailed breakdown of odds ratios and
burned area associated with PPAs by region and country in addition to month is given in
Figures $2.9-S2.11 and Table S2.4. Overall, burned area is highest 1-3 days following the
presence of a PPA. For Northern and Western Europe, burned area is higher up to 5 days

after the presence of a PPA (Figure S2.12).
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Figure 2.6 OR analysis showing the likelihood of burned area being recorded during or following (up to five
days) PPA overlap. ORs were calculated monthly for each grid cell (a) and summarised by region (b). OR > 1
(non-grey colour ramp in (a) and above red line in (b)) indicates a higher likelihood of wildfires occurring during
or following (up to five days) the presence of a PPA. Grey cells in (a) depict locations where wildfires are less
likely during PPAs, and white cells are locations with insufficient data to calculate an OR. The colour ramp in (a)
is set to a maximum of 15, where OR > 15 are set to OR = 15 to allow for ease of interpretation.

2.4 DISCUSSION

PPAs are significant drivers of surface fire weather and wildfire activity across Europe and
their importance relative to other processes increases latitudinally from Southern to

Northern Europe. PPAs have been associated with significant wildfire events experienced
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across Europe, including the June 2017 Portugal wildfires, the 2018 Saddleworth Moor
wildfire in the UK, the July 2018 Sweden and Finland forest fires, and the August 2021
Greece wildfires. The July 2022 London wildfires, where UK temperatures exceeded 40

degrees Celsius for the first time were also associated with a PPA over much of the country.

2.4.1 PAN-EUROPEAN PPA CLIMATOLOGY

| have characterized a climatology of spring and summer PPAs across Europe. Different
methods for quantifying atmospheric blocking make direct between-study comparisons
difficult. However, the patterns of PPA persistence across Europe that | detected agree with
previous research, including peak blocking frequency across Scandinavia (Tyrlis and Hoskins,
2008; Liu et al. 2018; Miller et al. 2020). | detected a higher frequency of PPAs across Europe
than those found by Sharma et al. (2022) for western North America (although my minimum
PPA size was lower, which is likely a contributing factor). Higher blocking frequency in Europe
compared to elsewhere in the Northern Hemisphere by a factor of 3—4 has also been found

in other research (Tyrlis and Hoskins, 2008; Rousi et al. 2022).

2.4.2  PPAS AND SURFACE FIRE WEATHER

Higher surface temperature, vapour pressure deficit, and CFWIS components (including
extreme FWI values) are especially associated with PPAs for Northern and Eastern Europe,
while PPAs appear to be less important in driving surface extremes for Southern Europe,
particularly for the drought indicators (DC and DMC) and extreme FWI values. This suggests
that PPAs are more important controls on surface fire weather in Northern Europe while
other processes may be more important in driving extreme surface conditions in Southern

Europe (Ruffault et al. 2020; Manning et al. 2023). This latitudinal gradient may also be
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related to the increased pattern variability at higher latitudes associated with the jet stream
position and temperature gradient. My findings are consistent with previous research that
has related blocking highs and heatwaves to surface fire weather in specific countries and
regions of Europe (Hayasaka et al. 2019; Sousa et al. 2020), as well as research finding

synoptic—surface associations were strongest at high latitudes .

Giannaros and Papavasileiou (2023) recently linked extreme fire weather (ISI > 95%
percentile) to atmospheric blocking in Northern Europe. My results agree with these findings
and extend them by demonstrating how PPAs drive enhanced surface wildfire activity and
fire weather. While Giannaros and Papavasileiou (2023) demonstrated the role of subtropical
ridges in driving extreme fire weather in Southern Europe, my results have shown this
synoptic pattern was not coincident with the persistent anomalous Z500 geopotential

heights that characterise PPAs.

2.4.3 PPAS AND WILDFIRE

| have quantified the pan-European importance of PPAs for wildfire occurrence and burned
area, building on previous country level analyses that have linked anticyclonic blocking to
significant wildfire seasons (Hayasaka et al. 2019; Drobyshev et al. 2021). The importance of
PPAs for burned area increases across a latitudinal gradient from South to North, with nearly
50% of burned area in Northern Europe occurring under PPA events. The latitudinal increase
in burned area under PPAs is consistent with Sharma et al. (2022). The likelihood of wildfires
occurring during PPAs was highest overall for Southern Europe, though the percentage of

burned area associated with these events was lowest. This is likely linked to the higher
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number of wildfires recorded in Southern Europe and highlights the additional importance of

other factors driving large wildfires in Southern Europe.

While | have demonstrated the significance of PPAs for European wildfire, PPAs appear to be
less important than that observed for Western North American wildfires. Sharma et al.
(2022) found that wildfires larger than 500 ha were on average seven times more likely to
occur during PPA conditions. Direct comparisons between North America and Europe are
difficult to make due to the larger spatial thresholds used for PPA detection and minimum
wildfire size, but these differences may be related to the larger wildland—urban interface and
associated complexity of human-driven ignitions and overall smaller wildfires in Europe, and
the dominance of boreal forest fuels for wildfire spread under PPA conditions in the North

American mid-latitudes.

Burned area was largest up to three days following the presence of a PPA. This is likely due to
a lag between the presence of the PPA, the time taken for the system to breakdown when
smaller positive anomalies may still occur, and the associated drying of fuels that allows
subsequent ignitions to take place. The extended peak in the moisture components (FFMC,
DC, and DMC) of the CFWIS following peak PPA strength observed reflect this. Furthermore,
surface wind speeds are likely to be greater at the edge of PPAs, facilitating the spread of
wildfires through drier fuels and higher wind speeds (Drobyshev et al. 2021). The lead lag
graphs show a reduction in wind speeds during peak PPA strength, followed by a delayed
return to normal wind speeds. However, surface winds are not well resolved within
reanalyses and include topographically forced winds, mixing of mid and surface wind levels,

and fire generated downdrafts, making it difficult to elucidate the role of wind speed at the
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edge of PPAs and during event breakdown. Future research might consider narrowing in on
the significance of edge effects on wind and wildfire burned area by looking at the vertical

profile of wind through the atmosphere.

| have demonstrated the pan-European importance of PPAs for surface fire weather and
wildfire activity, recognising my analyses are constrained by the number of fires detectable
by MODIS. National data sets that include smaller wildfires may provide a more
comprehensive understanding of synoptic—fire relationships for individual countries, but my
aim here was to examine PPAs as drivers of wildfire across large regions of Europe and
involving multiple countries concurrently. Furthermore, PPAs are part of a larger picture of
atmospheric controls on wildfire activity that need to be understood, including the full range

of synoptic drivers of wildfire and how they are influenced by larger teleconnections.

2.4.4 OTHER INFLUENCES ON WILDFIRE

While | have focused on the role of PPAs as drivers of wildfire, there are many other factors
that are also important, especially fuels, but also local topography, human behaviour, policy,
and fire suppression practices among others. Future research should especially consider how
fuels modify fire—climate relationships. Land—atmosphere feedbacks may further amplify
drought conditions and high surface temperatures through soil moisture deficits, vegetation
desiccation, and snow melt and albedo reduction (Trigo et al. 2005; Miralles et al. 2019).
Understanding the modulating influence of land—atmosphere feedbacks on PPA-related
wildfires as well as the mechanistic linkages between blocking pattern breakdown and
wildfire activity would help to develop a process-based understanding of the controls on

wildfire for improving Earth System models.
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2.4.5 IMPLICATIONS
My pan-European synthesis of PPA—fire associations demonstrate how PPAs can impact large
regions across political borders simultaneously and for extended durations. My findings have

implications for the following areas of research and operations:

(1) Suppression resource management

My findings have important implications for strategic planning of European resource
allocation, for example through ResckEU, and coordinating firefighting response to large, long
duration events or high numbers of synchronous events. Medium range forecasting of
potential PPA-driven wildfire periods may provide early warning for resource mobilisation
where large wildfires are occurring under extended duration PPAs. Even at the local scale,
advanced warning of expected high numbers of ignitions from PPA-related wildfires can help
local resource allocation decisions. The London 2022 wildfires occurred concurrently with a
PPA over the country, when 11 of the UK’s 43 Fire and Rescue Services declared major
incidents, including London Fire Brigade where resources were overwhelmed (London Fire

Brigade 2023).

(2) Extended forecasting ability

The strong association between PPAs and extreme surface fire weather may help to extend
forecasting using synoptic feature-based methods in wildfire occurrence prediction models
(Pfahl and Wernli 2012; Ruffault et al. 2017). Papavasileiou and Giannaros (2023) recently
demonstrated that the extreme fire weather conditions of the 2018 Mati wildfire in Greece
could be well predicted seven days in advance using critical fire weather patterns in

forecasts. The inclusion of synoptic weather patterns to develop early warning systems for
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dangerous fire weather conditions would enhance wildfire awareness and preparedness,
with benefits for public communication of wildfire danger and informing policy and wildfire
management. Across Europe, subsidence under PPAs associated with wildfires leads to poor
surface air quality conditions. Smoke air pollution and health impacts from these events can
reach densely populated regions of Europe, such as occurred in the 2021 PPA-related
wildfires over Greece (Masoom et al. 2023). Advanced forecasting and awareness of PPA-
driven air pollution events may aid early implementation of mitigation strategies, particularly

for the densely populated regions of Eastern and Western Europe.

(3) Future PPA—fire risk

While | have established the role of PPAs in wildfire activity across Europe, there is
uncertainty in how PPAs are expected to change in the future, which contributes to
uncertainty in future fire risk (Shepherd 2014). Some research has demonstrated historical
increases in blocking frequency and heatwaves over Europe (Russo et al. 2014; Horton et al.
2015; Rousi et al. 2022). Regarding historical trends in PPAs, Sharma et al. (2022) found a
statistically significant expansion of PPAs (but no increase in number or magnitude) over
western North America since 1979, driven primarily by warming in the lower atmosphere

(thermodynamic changes) rather than dynamic atmospheric changes.

Projections of future fire weather have mainly examined changes in the FWI with
anthropogenic warming, but this does not explicitly account for atmospheric circulation
changes and feedbacks (Lehtonen et al. 2016; Perry et al. 2022). Climate change projections
have suggested an increase in the frequency, duration, and intensity of extreme weather

events like heatwaves and drought for Southern Europe (Giorgi and Lionello 2008). However,
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climate models typically underestimate the frequency of blocking events (Davini and
D’Andrea 2020), and most predict future decreases in blocking frequency. Arctic
Amplification (AA) thus far has favoured increased double jet stream formation, weakening
westerlies, and formation of high pressure blocking cells in the mid-latitudes (Francis and
Vavrus 2015; Coumou et al. 2018; Rousi et al. 2022). Previous research has linked summer-
time weakening and northward movement of the polar jet stream to wildfire activity in
North America (Jain and Flannigan 2021) and mid-latitude weather extremes (Trouet et al.
2018). How these patterns will change with future anthropogenic warning is uncertain,
linked to the poor representation of dynamic atmospheric circulation in climate models
(Coumou et al. 2018). Research predicting future fire weather and wildfire regimes should
consider dynamic atmospheric circulation changes in addition to thermodynamic changes

(Scholten et al. 2022).

(4) Compounding PPA—fire vulnerabilities for high latitude Europe

| observed a latitudinal increase in the percentage of area burned during PPAs. Extended
periods of extreme surface fire weather associated with PPAs can lead to drought conditions
through land—atmosphere feedbacks, and subsequent wildfires and carbon emissions can
have critical ecological and climate consequences (Yu 2012; Chen et al. 2021; Meng and
Gong 2022). Future PPA-driven wildfire burned area in the high latitudes will also be
impacted by changing ignition patterns due to projected increases in summer lightning
flashes. Chen et al. (2021) predicted for 1 °C of warming, summer lightning flash rates will
increase by 40+19% over Arctic tundra and 23+6% over boreal forest in the circumpolar high-

northern-latitudes. Climate change feedbacks may further amplify impacts from PPA-
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wildfires at high latitudes, through reduced snow cover and declines in permafrost, earlier
snow melt, and exposure of carbon stores to smouldering combustion under wildfires (Meng

and Gong 2022).

2.4.6  CONCLUSIONS
PPAs are important drivers of surface fire weather and wildfire activity, and my findings

highlight the significance of these relationships at a pan-European scale. My key findings are:

(1) Extreme fire weather is 4.3 times more likely to occur during PPAs across Europe.

(2) Wildfires are 2.7 times more likely to occur concurrently with a PPA event across
Europe.

(3) There is significant spatiotemporal variability in PPA—fire associations. The likelihood
of PPA-concurrent wildfires is highest for Southern Europe (factor of 3.3), while the
percentage of area burned under PPAs increases with latitude (up to 49% in Northern
Europe).

(4) There is a lag between PPA presence and peak burned area associated with the role

of PPAs in pre-drying fuels for subsequent ignition.

It is critical to understand the mechanisms driving PPA—fire relationships now, to understand
how wildfire risk may change in the future. More broadly, my findings highlight opportunities
for a more proactive approach to wildfire response at a pan-European scale, through
extended forecasting within wildfire occurrence models for effective decision making during
large, extended periods of elevated wildfire danger. Consideration of multi-scale controls on

wildfire occurrence and behaviour through both synoptic and surface fire weather may
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provide a more holistic approach to anticipating and preparing for wildfire dangerous

conditions.
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3 LANDSCAPE CONTROLS ON FUEL MOISTURE VARIABILITY IN FIRE
PRONE PEATLAND AND HEATHLAND LANDSCAPES

ABSTRACT

Background: Cross-landscape fuel moisture content is highly variable but not considered in
existing wildfire danger assessments. Capturing fuel moisture complexity and its associated
controls is critical for understanding wildfire behaviour and danger in emerging fire prone
environments that are influenced by local heterogeneity. This is particularly true for
temperate heathland and peatland landscapes that exhibit spatial differences in the
vulnerability of their globally important carbon stores to wildfire. Here | quantified the range
of variability in the live and dead fuel moisture of Calluna vulgaris across a temperate fire
prone landscape through an intensive fuel moisture sampling campaign conducted in the
North Yorkshire Moors, UK. | also evaluated the landscape (soil texture, canopy age, aspect,
and slope) and micrometeorological (temperature, relative humidity, vapor pressure deficit,
and windspeed) drivers of landscape fuel moisture variability for temperate heathlands and

peatlands for the first time. Results: | observed high cross-landscape fuel moisture variation,

45



which created spatial discontinuity in the availability of live fuels for wildfire spread (fuel
moisture < 65%) and vulnerability of the organic layer to smouldering combustion (fuel
moisture < 250%). This heterogeneity was most important in spring, which is also the peak
wildfire season in these temperate ecosystems. Landscape and micrometeorological factors
explained up to 72% of spatial fuel moisture variation and were season and fuel layer
dependent. Landscape factors predominantly controlled spatial fuel moisture content
beyond modifying local micrometeorology. Accounting for direct landscape—fuel moisture
relationships could improve fuel moisture estimates, as existing estimates derived solely
from micrometeorological observations will exclude the underlying influence of landscape
characteristics. | hypothesise that differences in soil texture, canopy age, and aspect play
important roles across the fuel layers examined, with the main differences in processes
arising between live, dead, and surface/ground fuels. | also highlight the critical role of fuel
phenology in assessing landscape fuel moisture variations in temperate environments.
Conclusions: Understanding the mechanisms driving fuel moisture variability opens
opportunities to develop locally robust fuel models for input into wildfire danger rating

systems, adding versatility to wildfire danger assessments as a management tool.
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3.1 INTRODUCTION

Temperate peatlands and heathlands contain globally important carbon stores that are
becoming increasingly susceptible to wildfires under climate and land use change (Page and
Baird 2016; Kirkland et al. 2023). Peatlands store 550 gigatons of organic soil carbon globally,
and approximately 0.19-0.88 million km? of these peatlands are found in the temperate
latitudes (30-50 degrees) (Batjes 1996; Yu 2012). Surface wildfires can lead to smouldering
combustion of carbon-rich peatland soils (Kirkland et al. 2023). These fires are resource
intensive to extinguish and can result in significant carbon emissions (Mickler 2021). Fuel
moisture is a key component of fuel flammability, ignition probability, and subsequent
wildfire behaviour (Matthews 2014; Scarff et al. 2021). As such, fuel moisture content is
important for determining peatland and heathland wildfire danger—the combination of
factors affecting the initiation, spread, and ease of control of a wildfire (Natural Resources

Canada 2021).

Existing operational fire weather indices across northwest Europe (e.g., EFFIS: San-Miguel-
Ayanz et al. 2012) use weather information to predict the danger of a successful ignition,
drawing on regional assessments of fuel moisture (for example the Fine Fuel Moisture Code
of the Canadian Fire Weather Index System (CFWIS)). However, fuel moisture content can be
highly spatially variable at the landscape level (Nyman et al. 2015; Walsh et al. 2017).
Regional estimates do not capture this spatial heterogeneity of fuel moisture and
consequently may not reflect local conditions (Nyman et al. 2018; Matthews et al. 2019).
Current risk assessments therefore do not account for fuel-driven within-landscape
vulnerability to wildfires and their consequent ecological, biogeochemical, or socioeconomic

impacts (Davies et al. 2016; Hokanson et al. 2016).
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Studies that have captured the extent of fuel moisture variability at the landscape level using
direct measurement techniques are rare and have not been conducted within temperate
peatland and heathland landscapes. Previous research has utilised indirect measures of fuel
moisture content such as soil and litter moisture sensors to quantify the moisture variability
of fire prone forest litter layers (Nyman et al. 2015; Slijepcevic et al. 2018). However, in dwarf
shrub Calluna vulgaris dominated temperate peatland and heathlands, both the dead and
live vegetation are important for wildfire ignition and spread, with live fuels often comprising
the largest component of the fuel load (Davies and Legg 2008, Davies and Legg 2010). The
magnitude of fuel moisture variability at the landscape scale and the controls on that
variability will therefore strongly differ from forest ecosystems (Dickman et al. 2023). Further,
fuel moisture within the surface moss, litter, and organic soils is important for determining
the potential for smouldering combustion and the associated fire severity (Grau-Andrés et al.
2018). Low organic soil moisture (< 250%) facilitates below-ground smouldering and

consequent loss of carbon to the atmosphere (Lukenbach et al. 2015).

In addition to the quantification of cross-landscape fuel moisture variability, the landscape
characteristics that control this variability have not yet been fully resolved. Average regional-
scale fuel moisture is likely modulated by landscape scale variability in hydrology,
meteorology, ecology, and plant physiology. Again, previous research into how landscape
characteristics control fuel moisture content has primarily focused on forested fuels and
landscapes. Four key landscape characteristics have emerged: soil properties, landscape
position, topography/aspect, and vegetation structure (see references within Table 3.1). The
extent to which these landscape characteristics are important for fuel moisture within

temperate peatland and heathland fuels is unknown. The complexity of landscape ecological
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field studies has also meant that landscape characteristics can be confounded and difficult to
isolate (e.g., all of the south facing sites contained all of the highest porosity soils, and the
link between vegetation cover on equatorial versus polar facing slopes (Nyman et al. 2015;
Slijepcevic et al. 2018).

Cross-landscape differences in fire behaviour and wildfire danger are particularly relevant to
consider in emerging fire prone environments, where fire behaviour, including wildfire
spread through live fuels and smouldering combustion of organic soils, can be influenced by
small-scale heterogeneity in landscape characteristics. It is therefore important to
understand fuel moisture dynamics at the landscape level to develop appropriate fuel
models for inclusion in wildfire danger assessments in temperate ecosystems. To this end, |
assess (1) what is the range of variability in the live and dead fuel moisture content of
Calluna vulgaris across a temperate fire prone landscape? And (2) what are the relative
contributions of landscape and micrometeorological drivers of fuel moisture variability at the
landscape scale? In doing so, | provide critical understanding necessary to develop tailored
fuel moisture models for input in wildfire danger rating systems, to support local scale fire

management decisions.
3.2 METHODS

3.2.1 STUDY REGION

My study region was the North Yorkshire Moors National Park, United Kingdom (Figure 3.1).
The dwarf shrub Calluna vulgaris is abundant in peatlands and heathlands that form large
areas of fire prone landscapes across north-western Europe, including the United Kingdom
(Gimingham et al. 1979; Glaves et al. 2020). Upland areas of the North Yorkshire Moors

comprise extensively managed Calluna vulgaris-dominated peatland and wet heathland
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ecosystems (Simmons 1990). Calluna has been burned on rotation, creating a patchwork
mosaic of homogenous Calluna plots of different ages across the landscape, allowing the
role of vegetation structure and topography/aspect that have previously been confounded
to be isolated (Nyman et al. 2015; Slijepcevic et al. 2018). The landscape also consists of a
diversity of soil textures and associated geologies, slopes, aspect, and landscape positions,
within the given regional moist, maritime climate. As such, the region provides an ideal
location to examine the underlying controls on spatial fuel moisture variability in critical fire

prone temperate landscapes.

4 sites
4 sites
2 sites
12 sites

A 0 3.25 6.5 13 Miles

Figure 3.1 The North Yorkshire Moors National Park study region situated in northeast England. | established 36
measurement plots clustered in six key areas of the national park. Source: Esri, Maxar, Earthstar Geographics,
and the GIS User Community. © Natural England copyright. Contains Ordnance Survey data © Crown copyright
and database right 2022.

3.2.2 EXPERIMENTAL DESIGN AND SITE SELECTION

| selected 36 plots across the North Yorkshire Moors. The plot dimensions were
approximately 20 x 20 m of homogenous Calluna as this was the size burned by land
managers to create the patchwork mosaic of Calluna across the landscape. | decided on 36

plots as this allowed each plot to contain a unique combination of the four landscape factors
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hypothesised to be important for spatial fuel moisture variability based on previous
research: soil texture, canopy age, aspect, and hillslope position (Figure 3.2; Table 3.1). |
selected potential plots by overlaying the source maps from Table 3.1 to identify areas that
contained all possible combinations of landscape factors. | then visited the areas to identify
suitable plots with land managers. The criteria for the 36 plots were: (1) each plot must
possess a unique combination of landscape factors, (2) plots must be sufficiently accessible
to allow sampling to be carried out at all plots on the same day (using multiple samplers),
and (3) plots must meet requirements of land managers (e.g., minimise disruption to nesting
birds or land management activities). Fuel moisture sampling is intensive, so | selected plots
that were sufficiently close to allow field campaigns to be conducted within a single day in

accessible locations, while capturing the diversity of soils that tend to be spatially disparate.

VA

Mature plot: . Building plot: Mature canopy
@ w marker

Topsoil —N
Coarse

Peat

Figure 3.2 Conceptual figure of the 36 sample plots (coloured circles) comprising each possible combination of
hypothesised landscape drivers: soil texture (coarse, peat, or fine); canopy age (building or mature); hillslope
position (low, medium, or high) and aspect (north or south). | installed weather stations next to each pair of
building and mature Calluna plots.
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Table 3.1 The hypothesised landscape drivers of fuel moisture variability examined for plot selection. | classified landscape drivers using the provided sources and
validated these with field assessments.

Driver Classification (number of sites in each Source Significance (hypothesised from previous research)
classification, n = 36 sites)
Soil texture Coarse: Freely draining very acid sandy and loamy Soilscapes class Soil texture captures the soil hydraulic traits (e.g., soil depth, porosity,
soils (12 sites) numbers permeability, drainage flow paths, and water table depth) hypothesised
Fine: Slightly acid loamy and clayey soils with to control water availability to dead fuels via capillary action and live fuels
impeded drainage; slowly permeable seasonally (Farewell et al. 2011) via water uptake by roots (Matthews 2014; Nyman et al. 2015).
wet acid loamy and clayey soils (12 sites)
Peat: Blanket bog peat soils and slowly permeable
wet very acid upland soils with a peaty surface (12
sites)
Canopy Building: 5—10 years since last burn, 30 cm height Land managers’ Fuel age and height influence fuel moisture by creating differences in
age (18 sites) records and satellite  shading, fuel structure and plant hydraulic traits. Live fuel canopy cover
Mature: 15-20 years since last burn, 60 cm height imagery and biomass have been shown to regulate the moisture content of
(18 sites) underlying fuels (Nyman et al. 2018; Brown, Inbar, et al. 2022). But also
within the same species, variability in biomass, age and the proportion of
live-to-dead material influence the moisture content of live fuels
themselves (Davies and Legg 2011; Brown, Hoylman, et al. 2022).
Hillslope Low: low plateau (12 sites) OS Terrain® 50 DTM  Hillslope position influences drainage flow paths across the landscape and
position Medium: mid-slope (12 sites) OS data © Crown thus the availability of water to live fuels (Tromp-van Meerveld and
High: high plateau (12 sites) copyright and McDonnell 2006).
database right 2022
Aspect North (18 sites) OS Terrain® 50 DTM  North and south aspects capture the range of variation in incoming solar

South (18 sites)

OS data © Crown
copyright and
database right 2022

radiation to dry out fuels. Topography and aspect influence fuel moisture
through the formulation of complex microclimates that modify the
meteorological controls on drying (humidity, temperature, windspeed)
(Nyman et al. 2015, 2018; Brown, Hoylman, et al. 2022). Dead fine fuels
are typically drier on equatorial than polar facing slopes (Nyman et al.
2015; Walsh et al. 2017; Slijepcevic et al. 2018) where spatial differences
driven by variations in incoming solar radiation between polar and
equatorial facing slopes are created.
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| identified coarse, fine, and peaty textured soils using Soilscapes, a classification derived
from the detailed National Soil Map for England and Wales (Farewell et al. 2011). | validated
soil texture classifications with manual textural assessments of soil samples collected in the
field (Thien 1979). | selected plots on north- and south-facing hillslopes using the OS Terrain®
50 DTM (Ordnance Survey 2019). In the North Yorkshire Moors, peatland and heathland land
covers transition to grassland/agricultural land prior to reaching the topographic low, so
hillslope position in these ecosystems is defined as: high, the plateau on the hilltop; mid, the

hillslope below this plateau; and low, a plateau below a slope.

| examined the combined influence of fuel age and height between contrasting building and
mature heather canopies. | used these terms to represent the two different classes of
younger (shorter) and older (taller) heather life stages. Previous research has established the
significance of Calluna biomass, proportion of live and dead fuel, and life stage for fuel
moisture content and wildfire behaviour (Gimingham 1992; Davies and Legg 2011; Santana
and Marrs 2014; Log 2020). Within the constraints of the landscape, | selected existing
building and mature Calluna plots side by side to isolate canopy differences from my other
landscape factors of interest. | distinguished age using time-since-last-burn records held by
land managers. Mature canopy plots were last burned 15-20 years ago and had an average
height of 60 cm and accumulated moss/litter layer depth of 5 cm. Building canopy plots were
burned in the last 5-10 years and had an average height of 30 cm and accumulated
moss/litter layer depth of 2.5 cm. This classification allowed me to (1) maximise differences
between the two categories of interest, so the building canopy plots were distinctly different

from the mature canopy plots, (2) ensure consistency across sites as all sites within each
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category have a similar age, height, structure, and management approach, and (3) ensure
within-plot variation is low relative to between-plot variation.

3.2.3 DATA COLLECTION

Fuel moisture sampling - Wildfires generally occur across two fire seasons in northwestern
temperate Europe, a primary peak season in spring and a secondary season in summer
(Belcher et al. 2021; Cardil et al. 2023). To capture the temporal variations in landscape
controls on a phenological timescale | collected fuel moisture samples in hot, dry fire
weather conditions across the spring and summer fire seasons (Figure S3.1). | collected three
sets of samples across a 1-week drying period in April 2021, during the peak spring wildfire
season, and two further sets in June and July 2021, respectively, during the secondary
summer wildfire season. During each campaign, | collected samples within each of the 36
plots between 1100 and 1700, randomising the order of sampling as much as logistically
possible.

Fuel moisture exhibits vertical variation from organic to canopy layer that is relevant for
determining wildfire behaviour. For example, fires will often burn through the canopy of
Calluna without involving litter and ground fuels. Therefore, in each plot | sampled seven
fuel layers: Calluna live canopy, live stems (< 2 mm diameter), dead canopy, dead stems (< 2
mm diameter), surface moss (top 2 cm), litter (top 2 cm), and the organic layer beneath the
Calluna (top 5 cm of organic material above mineral soil). | combined lower canopy material
with live stems following a study by Davies and Legg (2011), in which a factor analysis
grouped these two fuel layer together, separate from the upper canopy.

Norum and Miller (1984). | set out a 25-m transect through each plot and walked along it,
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collecting fuel clippings from ca. 10 different plants into one aluminium tin (250 ml) with a
screw-fit lid sealed with masking tape. | collected the same amount of biomass from each
plant along the transect, filling the 250 ml tin % full. | selected plants haphazardly, as the aim
was to ensure samples were representative of within-plot variability rather than individual
plants. | collected Calluna canopy and stem material by clipping sprigs with stem diameter <
2 mm and separating the leafy canopy material from the woody lower stems. | collected the
top 2 cm of surface moss and litter at 10 points along the transect, removing any highly
decomposed material from the base of the layer. Finally, after exposing the material
beneath the surface moss and litter, | extracted the top 5 cm of organic material at five
points along the transect using a small corer.

| measured gravimetric fuel moisture content (mass of water per mass of dried sample, %,
referred to throughout as fuel moisture content (Equation 3.1)) following the same protocol.
Briefly, | weighed the tinned samples (wet weight) as soon as possible after collection, and
within a maximum of 24 hours. | subsequently dried the samples for at least 48 h at 80 °C,
consistent with previous Calluna vulgaris fuel moisture studies (e.g., Davies et al. 2010), and
then reweighed the samples (dry weight).

. sample wet weight — sample dry weight
Fuel moisture content = ( P & P Y ght)

(sample dry weight — container tare weight) =100 [Eq.3.1]
Micrometeorological variables - | recorded 1.25 m air temperature and relative humidity at
15-minute intervals at each pair of building and mature Calluna sites with HOBO U23-001A
PRO V2 (Onset Computer Corporation, Bourne, MA) sensors housed within radiation shields.

| installed Davis Vantage Pro wind anemometers (Davis Instruments) at 2 m on the north and
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south sides of the three main hillslopes at equivalent elevations to monitor wind speed and

direction at 1-minute intervals.

3.2.4 DATA ANALYSIS

Step 2:

Step 1: Linear regression models Variance partitioning

Landscape model: Landscape contribution:

fmc ~ soil texture + canopy age + slope + aspect + €
2 2
Rlzandscape Rfu” B RmEt

Micromet. model:

fmc ~temp + RH + wind speed + VPD + €

2 i ibution-
Riet Micromet. contribution:

Combined model:

fmc ~ soil texture + canopy age + slope + aspect Rﬁull - Rlzandscape
+ temp + RH + wind speed + VPD + ¢

R)gull

Figure 3.3 Conceptual diagram outlining the landscape, micrometeorological, and combined linear regression
model equations (Step 1). The landscape model includes categorical soil texture, canopy age, slope, and aspect
variables. The micrometeorological model includes 1.25 m air temperature (temp), relative humidity (RH), wind
speed, and vapour pressure deficit (VPD) averaged 5-h before time-of-sampling. The combined model includes
all landscape and micrometeorological factors. | used the R? values from the models to calculate the individual
contribution of the landscape model and micrometeorological model to explaining fuel moisture variance (Step
2).

Each of the 36 sites represented a unique combination of the four landscape factors of
interest. This experimental design allowed me to use linear regression models to assess the
influence of landscape factors without confounding between my hypothesised drivers. |
developed three linear regression models to assess the influence of landscape factors,
micrometeorological factors, and the overall contribution of both groups of factors on fuel

moisture variation (Figure 3.3). | ran these three models for each combination of fuel layer
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and sampling month to examine fuel layer and season dependent relationships (21
variations of each model).

The landscape model was defined by the hypothesised controls on landscape-scale fuel
moisture variability, as identified from the literature—soil texture, canopy cover, hillslope
position, and aspect. To define the micrometeorological model, | first selected parameters
considered to be important for fire weather to investigate —temperature, relative humidity,
wind speed, and vapour pressure deficit. | included vapour pressure deficit (calculated from
air temperature and relative humidity measurements) based on recent demonstrations of its
importance for live fuel moisture content (Griebel et al. 2023). | then evaluated different lag
periods and parameters to derive the best relationship between the micrometeorological
variables and fuel moisture, with micrometeorological variables averaged 5-h before time-
of-sampling performing best (Table S3.1). | excluded uneven precipitation distribution as a
significant control on spatial fuel moisture variability in this study, as | targeted the driest
periods of the fire season and monitoring of precipitation using hand gauges at each pair of
sites throughout the sampling period did not reveal any major between-site differences. |
also considered relationships between fuel moisture content and the Canadian Fire Weather
Index System (CFWIS) as this is the system currently used within the UK Met Office Fire
Severity Index (MOFSI) to assess aspects of fire weather (Arnell et al. 2021). However, |
excluded these from the main analyses due to their comparatively poorer performance
(Figure S3.2).

| used variance partitioning to understand the relative importance of landscape or
micrometeorological variables for fuel moisture content (Nakagawa and Schielzeth 2013). |

calculated the variance explained (R?) for the landscape (soil texture, canopy age, hillslope
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position, and aspect), micrometeorological (1.25 m air temperature, relative humidity,
vapour pressure deficit, and wind speed averaged 5-h before time-of-sampling), and
combined (both landscape and micrometeorological factors) statistical models. | calculated
the independent contributions of landscape and micrometeorological models as Rﬁuu —
Riee and REyy — Ripnascapes Tespectively. The shared variance explained was the difference
between the total variance explained and the independent contributions of the two sub
models.

| used weighted effect coding on individual regression models (21 variations of four
landscape models) for each landscape factor to narrow in on the role of landscape drivers by
producing model estimates as deviations from the sample mean (Sweeney and Ulveling
1972). | tested the assumptions of all of the linear models by producing Q-Q plots (for
normality) and residual vs predicted plots (for heteroscedasticity) using the DHARMa R
package (Hartig 2022). No significant deviations from the assumptions were seen in the
majority of the 147 models (Figure S3.3). To test for spatial autocorrelation | calculated
Moran’s | using the Ictools R package (Kalogirou 2020). No significant deviations from the
assumptions were found for the majority of the models (Table $S3.3-S3.5). | conducted all
statistical analyses in R version 4.1.2 (R Core Team 2022), using packages cffdrs (Wang et al.

2017), plantecophys (Duursma 2015), and wec (Grotenhuis et al. 2016).
3.3 RESULTS

3.3.1 FUEL MOISTURE VARIABILITY
Fuel moisture content was highly spatially variable across the 36 plots in the North Yorkshire
Moors. Observed fuel moisture variability was season- and fuel layer-dependent (Figure 3.4).

Live Calluna fuel moisture content was lowest and least variable in spring. Live fuel moisture
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content varied by 54% (percentage points) for Calluna canopy between the driest and
wettest site in spring, increasing to 97% by July. Previous research has developed fuel
moisture thresholds for certain fuel layers that indicate the fuel moisture content below
which a fire is likely to sustain ignition (vertical lines in Figure 3.4). Live fuel moisture content
was found to vary across the 47-65% threshold for sustained fire ignition (Taylor et al. 2021),
particularly in spring (Figure 3.4 dashed vertical lines on live canopy graph). Cross-landscape
organic layer fuel moisture content varied across the 250% fuel moisture threshold for
smouldering combustion (Lukenbach et al. 2015) during both spring and summer (Figure 3.4
vertical dashed line on organic layer graph). Dead Calluna, moss, litter, and organic layers
were more variable in spring than summer. Surface moss and litter layer fuel moisture

content spanned a range of 191% and 156%, respectively, between driest and wettest sites.
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Figure 3.4 Density plots of fuel moisture distribution for Calluna vulgaris fuel layers across the 36 plots in the
North Yorkshire Moors during hot, dry conditions April-July 2021 (number of samples for each fuel layer panel
= ca. 180). Dashed vertical lines depict fuel moisture thresholds for sustained ignition within the different fuel
layers based on previous research (Lukenbach et al. 2015; Taylor et al. 2021). One line = threshold; two lines =
range of lower and upper threshold; no line = no conclusive threshold for this species.
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3.3.2 LANDSCAPE AND MICROMETEOROLOGICAL DRIVERS OF FUEL MOISTURE VARIABILITY
Combined landscape and micrometeorological factors explain 16—72% of the total cross-
landscape fuel moisture variability (Figure 3.5). Overall, the landscape models tend to
outperform the micrometeorological models in explaining the spatial distribution of fuel
moisture. However, the importance of landscape and micrometeorological factors show
differences between fuel layers and seasons. The overlap between the landscape and
micrometeorological models in Figure 3.5 shows the shared variance explained between the
models. For live Calluna canopy fuel moisture, the shared variance exceeds the individual
variance of each model, which suggests there is an interaction between landscape and
micrometeorological factors. Landscape factors are consistently more important drivers of
dead Calluna and litter layer fuel moisture. Total variance explained for dead Calluna is
higher in summer (50-72%) than spring. Where landscape factors drive fuel moisture
variability, the individual contribution of the landscape model largely outweighs the shared
variance, indicating that landscape factors control fuel moisture variation beyond simply
modifying local micrometeorology. The micrometeorological model only outperforms the
landscape model for the moss layer in April (21%) and June (45%), the live canopy in April
(47%), and the organic layer in July (22%). There is no clear difference in the importance of
landscape and micrometeorological factors for organic layer fuel moisture variation outside
of July.

Linear regression models quantified the deviation in fuel moisture percentage from the
sample mean associated with specific landscape factors (Table S3.2). Soil texture exerts the

greatest control on the spatial distribution of fuel moisture content for all layers except dead
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Calluna. Live Calluna canopy material is up to 20% drier than average on fine-textured soils
and up to 19% wetter than average on coarse textured soils, resulting in a 39% percentage
point difference in fuel moisture estimates across the landscape. This magnitude of
difference increases through summer. Live Calluna stems show a seasonal reversal in
relationship with soil texture, where fuel moisture is highest (lowest) on fine soils in April
(June and July). There are also some instances where relationships between landscape
factors and fuel moisture switch backwards and forwards inconsistently across the sampling
period (e.g., moss, litter, and organic layer relationships with soil texture). In July, organic
layer fuel moisture is significantly (46.6%) lower than average on coarse soils.

Canopy age consistently controls fuel moisture variation across all fuel layers. Live Calluna
canopy is up to 9% drier in mature Calluna, increasing in magnitude from spring to summer.
Dead Calluna and organic layer fuels are driest in building Calluna (organic layer fuel
moisture is 20-29% lower in summer). The influence of aspect varies between live Calluna
and surface fuels. Live canopy fuel moisture content is up to 9% wetter on south slopes in
summer. Surface fuels in contrast are driest on south slopes, except for June, where all fuel
layers are wetter on south slopes than north slopes. The influence of slope position is least
clear, though Calluna live stems and the organic layer are consistently driest at low hillslope

positions. Conversely, Calluna live canopy is wettest at low hillslope positions.
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Figure 3.5 Spatial variation in fuel moisture that can be explained by the landscape and micrometeorological linear regression

models. Variance partitioning for the

(a) April, (b) June, and (c) July sample sets, showing the contribution of the overall linear regression model towards explaining fuel moisture variation (red) and the

total variance explained by the landscape factors (purple) and micrometeorological factors (orange).
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3.4 DISCUSSION

3.4.1 CROSS-LANDSCAPE FUEL MOISTURE IS HIGHLY VARIABLE

Plant phenology drives fuel moisture variability in live Calluna. Fuel moisture content is low
in spring following winter dormancy, resulting in high load of fuel in an ignitable state. As
temperatures increase and sap flow restarts in Calluna, a “green-up” is observed where new
leaf and shoot growth increases fuel moisture content (Bannister 1964b; Davies et al. 2010).
There is an important spatial dimension to this recognised temporal variability in fuel
moisture. Live fuel moisture content was found to be most variable in summer, linked to
observations of spatial variation in the timing of Calluna green-up across the landscape.
However, it is the spatial variation in live fuel moisture in the peak wildfire season of spring
in the UK (Belcher et al. 2021) that is especially important from a wildfire danger
perspective. On the days sampled, live canopy fuel moisture content varied across the
heterogeneity, live Calluna fuel moisture was below the threshold for contributing to
wildfire spread in some locations and above it in others (Figure 3.4). Moreover, live Calluna
can form a major component of the available fuel for wildfire spread and can behave
independently akin to a mini-crown fire (Fernandes et al. 2000; Davies and Legg 2016).
Similarly, fuel moisture in the organic layer was distributed above and below the 250%
threshold for smouldering combustion (Lukenbach et al. 2015; Figure 3.4), indicating
differential potential for higher severity wildfires due to smouldering combustion across the

landscape.
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3.4.2 LANDSCAPE FACTORS DRIVE FUEL MOISTURE VARIABILITY

Spatial variation in the distribution of fuel moisture creates a cross-landscape on/off
thresholding of fuel availability. It is clear from my results that regional estimates of fuel
moisture will not capture important local spatial variability driven by either landscape or
micrometeorological factors. Overall, landscape factors were found to be more important
drivers of fuel moisture variation than micrometeorological factors. There are a small
number of instances where the shared variance outweighs the individual contributions of
each model, suggesting there may be some form of interaction between landscape and
micrometeorological factors, such as the landscape factors modifying micrometeorology.
However, for the most part, landscape factors control fuel moisture content beyond simply
modifying micrometeorology. This is a key insight towards improving the accuracy of fuel
moisture estimates by accounting for landscape—fuel moisture relationships directly, as
estimates derived solely from micrometeorological observations will exclude the underlying
influence of landscape controls. Fire weather index systems that are based on weather
parameters alone will have limited ability to provide fire managers with accurate predictions
in these ecosystems.

| hypothesise that soil texture differences are important controls on fuel moisture variability.
| observed higher live canopy fuel moisture content on coarse textured soils than fine
textured soils and blanket peat, with the magnitude of difference increasing through
summer, which is consistent with my field observations of Calluna green-up occurring earlier
over coarse soils. Fine textured soil and blanket peat more effectively retain water, but this
water is not necessarily available for plants to uptake (Easton and Bock 2016). Moreover, it

may be that the North Yorkshire Moors did not experience a sufficiently moisture-limited
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state during field sampling to observe the expected impact of soil drainage properties on live
fuel moisture. These results likely reflect the complexity of soil-fuel moisture relationships
beyond simply water availability and are hypothesised to be related to both plant adaptive
and soil hydraulic traits.

Ecophysiological research has demonstrated the importance of soil and plant hydraulic traits
in regulating live fuel moisture content (Scarff et al. 2021; Brown et al. 2022a; Nolan et al.
2022; Rao et al. 2022; Ruffault et al. 2022). This may provide a useful framework to simulate
the moisture of temperate fuels like Calluna, building on pioneering physiological (Bannister
1964a; 1964b) and more recent live fuel moisture modelling (Davies and Legg 2008).
Ecophysiological traits governing fuel moisture variability have been explored temporally for
Calluna (Davies and Legg 2008; Davies et al. 2010) and between different species (Brown et
al. 2022a; Rao et al. 2022); however, the ecophysiological controls on the spatial distribution
of within-species fuel moisture as quantified here have not yet been unravelled.
Collaboration between wildfire scientists and plant physiologists remains (cf. Davies and
Legg 2008, Dickman et al. 2023) highly important for discerning the cross-landscape controls
on live fuel moisture and therefore wildfire danger in temperate fire prone landscapes.

| observed a fuel layer-dependent relationship between canopy age and fuel moisture
content. Live fuel moisture content was found to be lower in mature Calluna plant canopies
and is linked to the greater proportion of old growth and lower proportion of new growth
when compared to younger Calluna plants. Conversely, in the dead fuel components of the
canopy and in the and organic layer, fuel moisture contents were found to be lower in the
building stage of Calluna. These findings suggest that the Calluna canopy (that is elevated

above the ground) acts in a similar manner to that of the overstory in forested fuels, that
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form a boundary between the atmosphere and underlying surface fuels (Walsh et al. 2017;
Nyman et al. 2018; Brown, Inbar, et al. 2022). Contrary to previous studies, aspect and slope
were found to play a smaller role in influencing cross-landscape fuel moisture variation.
However, this could be due to the absence of sufficiently steep slopes in the study region
such that | did not observe large differences between sites. On steeper gradients and in
more complex environments, | would expect these factors to be more important. | was able
to separate the correlation between denser vegetation cover on polar aspects that likely
amplified the ‘aspect effect’ in previous research (Slijepcevic et al. 2018). Therefore, it is not
particularly surprising that | observed a smaller influence of aspect when isolated from other
landscape factors.

While the role of phenology in the temporal variability of live Calluna fuel moisture has been
well documented (Davies and Legg 2008), it is clear that there is also an important
phenological component to the spatial distribution of live fuel moisture variability. | have
demonstrated that the direction of landscape—fuel moisture relationships can switch
between spring and summer, highlighting the importance of accounting for plant phenology
in wildfire danger assessments in temperate environments. Understanding how landscape
and micrometeorological factors modulate cross-landscape differences in the timing of
green-up may aid the development of live fuel moisture models for assessing wildfire danger
and behaviour.

| hypothesise that cross-landscape fuel moisture variability is associated with specific
landscape controls through careful experimental design, literature-based model selection,
and interpretation based on my scientific understanding of landscape processes. However, |

acknowledge that inherent variability within natural landscapes means there may be
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unknown spatial controls not accounted for that may impact my findings. In particular, plots
tended to be clustered around soil textures as soil properties are spatially disparate by
nature. Future research could narrow in on specific landscape controls of interest like soil
texture to validate my hypotheses. These sorts of experimental studies are critical for
advancing our understanding of landscape processes and disturbances and provide valuable
insights despite the spatial complexity (Davies and Gray 2015).

3.4.3 IMPLICATIONS

Landscape fuel moisture variability can create spatial discontinuity in the availability of fuel
that is in the correct state for ignition (surface fuels) and wildfire spread (live fuels), including
potential for spot-fires in extreme conditions, and vulnerability of the organic layer to
smouldering (Finney et al. 2021). Spatial heterogeneity in fuel moisture can therefore
influence how a fire will propagate across the landscape. For example, the percolation
threshold describes the point at which a fire will spread continuously throughout the
landscape irrespective of landscape connectivity (Gardner et al. 1987). Knowing the
magnitude of fuel moisture variability may allow for spatial pattern analyses of the role of
fuel moisture in landscape connectivity, as well as targeting fire prevention in areas where
this threshold for continuous fire spread may be breached (Rahimi and Salman Mahini 2018;
Duane et al. 2021). Fuel moisture models should therefore have high spatial fidelity to
capture cross-landscape fuel moisture variation and dynamics, which can then be integrated
into fire behaviour modelling systems (Dickman et al. 2023).

Tailored fuel moisture models of Calluna dominated landscapes that sit within systems that
predict fire behaviour during incidents may aid wildfire event decision making for fire

managers by informing resource deployment (particularly where locations may be
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vulnerable to smouldering) and identifying suppression opportunities. | suggest that knowing
the specific landscape characteristics of an area of interest, a look-up tool could be applied
to adjust fuel moisture estimates to local conditions by land managers or fire and rescue
services. For example, controlled burns in the UK are typically small scale where accurate
estimates of local fuel moisture variability may help to identify the best burn locations if
seeking to reduce the risk of out-of-control fires or failed ignitions for land managers.
Beyond this, the availability of digital landscape information (e.g., elevation models and soil
maps) opens opportunities to enhance spatial resolution of regional fuel moisture estimates
to better reflect local conditions. Such downscaling has previously been used to account for
the effect of topography on net radiation and aridity (Nyman et al. 2014) and has
subsequently been developed to downscale regional weather observations for wildfire
management (Nyman et al. 2015; Walsh et al. 2017). The recently developed Australian Fire
Danger Rating System is the first to forecast wildfire danger at an improved spatial
resolution of 1.5 x 1.5 km (Matthews et al. 2019), highlighting recent recognition of the need
for operational wildfire danger forecasts at the local scale.
3.4.4 CONCLUSIONS
| have quantified the magnitude of cross-landscape fuel moisture variability and the extent
to which this is driven by landscape scale and micrometeorological factors in temperate
peatlands and heathlands, finding:

1. Within landscape scale variations in fuel moisture content creates spatial discontinuity

in the availability of live fuels for wildfire spread and vulnerability of the organic layer

to high severity smouldering.
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2. Within landscape scale fuel moisture variation is controlled by both landscape and
micrometeorological factors, though landscape factors show greater overall
performance (beyond modifying local micrometeorology).

3. Accounting for within landscape—fuel moisture relationships directly will improve the
accuracy of fuel moisture estimates because estimates derived solely from
micrometeorological observations will exclude the underlying influence of landscape
scale controls.

4. Differences in soil texture, shrub canopy age, and slope aspect are hypothesised to be
important within landscape scale controls.

5. Phenology is capable of switching within landscape scale fuel moisture variability
between spring and summer.

My work thus sets the scene for a new avenue of landscape-scale wildfire danger research to
support regional-scale predictions, recognising that wildfire danger ratings and fire
behaviour models may require different levels of detail for the different functions they

perform.
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4 CROSS-LANDSCAPE FUEL MOISTURE DIFFERENCES IMPACT

SIMULATED FIRE BEHAVIOUR

ABSTRACT

Predicting fire behaviour is an ongoing challenge in temperate peatland and heathlands,
where live fuels can form the dominant fuel load for wildfire spread. Wildfire behaviour can
be affected by spatial heterogeneity in landscape characteristics, including fuel moisture
content, which is highly spatially variable. Cross-landscape variability in simulated fire
behaviour is particularly relevant to consider when fire behaviour crosses thresholds for the
safe use of suppression tools and tactics. Therefore, there is a need to understand how cross-
landscape fuel moisture variability impacts simulated fire behaviour within existing
temperate shrub fuel models. Here | examine the impact of fuel moisture content variation
on simulated fire behaviour across a temperate peatland/heathland landscape. | collected
field measurements of the Calluna vulgaris shrub fuel moisture content from 36 sites across
the landscape and used these to define the fuel moisture inputs within existing shrubland
fuel models to simulate fire behaviour in the BehavePlus fire behaviour modelling

system. Simulated rates of spread varied with fuel moisture content; average mean variance
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of 23-80% from the landscape average rate of spread. The driest sites had simulated rates of
spread up to 135% above the landscape average and the wettest sites up to 86% below
average. The temperate shrub fuel model selected dramatically impacted simulated fire
behaviour, with the SH6 model simulating rates of spread 5-fold higher than the SH3 model.
The choice of live fuel layer was also important, highlighting the need to validate existing fuel
models and tailor models where needed to capture live fuel moisture dynamics.
Furthermore, the underlying relationships within fire spread models that determine the
importance of live fuel loads may require adjusting to better capture the importance of live
fuel moisture to develop accurate predictions of fire behaviour in temperate peatland and

heathlands.
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4.1 INTRODUCTION

Fire is integral to many ecosystems. Wildfires are a natural component of the landscape and
there is a long history of human use of fire to manage landscapes (McLauchlan et al. 2020).
Global climate and land use changes are promoting increased interaction between humans
and changing wildfire behaviour (Shuman et al. 2022). One facet of this is the increasing
wildfire risk in regions that have traditionally been considered to be less vulnerable to
extreme wildfires, such as the temperate peatlands and heathlands of Northwestern Europe
(Belcher et al. 2021). These ecosystems contain globally critical carbon stores that are
vulnerable to smouldering combustion during severe wildfires. Alignment of fuel and
weather conditions conducive to wildfires in temperate peatlands and heathlands promote
increased wildfire activity and their associated ecological consequences (Kirkland et al.
2023). Moreover, the seasonal window for conducting burning to meet management
objectives is decreasing alongside changing policy and viewpoints on the use of fire to
manage landscapes (Minsavage-davis 2022; Pandey et al. 2023). Accurate fire behaviour
predictions are therefore critical for safe and effective land and wildfire management
decision making. Understanding spatial variability in wildfire behaviour is important for
determining how wildfire risk may change across a landscape. This has implications for
determining suppression tactics and resource requirements within wildfire response
operations, as well for determining suitable locations for burning to meet land management
objectives while minimising the risk of out of control fires or failed ignitions (Minsavage-

davis 2022).
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4.1.1 MODELLING FIRE BEHAVIOUR

Fire behaviour models use simplified inputs of fuel, weather, and topography to assess
potential fire behaviour, including rate of spread (ROS), flame length, and fire line intensity
(Section 1.2). Rothermel’s surface fire spread model is a fundamental model used to predict
fire behaviour within surface fuels (Rothermel 1972). BehavePlus is a fire behaviour
modelling system that provides a user interface to Rothermel’s model (among others).
BehavePlus is widely used to predict fire behaviour for different scenarios across fire
management, prescribed fire planning, and research applications (Andrews 2014). It
provides point-based fire behaviour metrics that can also be integrated with systems like
FlamMap and FARSITE to model fire behaviour in space (Finney 1998, 2006). Wildfire Analyst
operationalised fire spread models for real-time wildfire risk forecasting, wildfire spread
predictions, wildland fire behaviour analysis, and risk mitigation planning in many regions,
including temperate ecosystems such as The Netherlands (Monedero et al. 2019; Cardil et al.
2021). BehavePlus has previously been used to predict surface fire behaviour in Calluna
(Davies et al. 2009) and was recently used by (Minsavage-davis 2022) to evaluate ROS

models in heathlands.

4.1.2 TEMPERATE PEATLAND AND HEATHLAND FUEL MODELS

Fuel models are used to describe fuel availability in fire behaviour models and exist for a
range of fuel types, including shrubland fuels (Scott and Burgan 2005). These are designed
for non-specific vegetation types and rely on user selection. The choice of fuel model is
important in determining the proportion of live to dead fuels and therefore sensitivity to fuel
moisture changes. Dead fuel moisture content is the water content of dead vegetation and is

important for the initial ignition of fuels. Because dead fuels respond mainly to changing
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weather conditions, there are simple models that can be used for predicting dead fuel
moisture content. For example, the Fosberg model uses temperature and relative humidity
measurements to predict 1-h fine fuel moisture, making adjustments for time of year, slope,
aspect, and shading (Fosberg et al. 1971). Live fuel moisture content, the water content of
living vegetation, is different as it can regulate drying through ecohydrological and plant
physiological controls (Dickman et al. 2023).

In the dwarf shrub Calluna vulgaris that dominates peatland and heathland landscapes, both
dead and live fuel moisture are important for wildfire behaviour (Davies et al. 2009, 2010).
Despite increasing wildfire risk associated with climate and land use change, predicting fire
behaviour continues to be challenging within these environments (Cardil et al. 2023).
Previous research has observed intense fire behaviour in temperate shrublands during fire
weather conditions that are considered to be low risk in forested landscapes (Davies et al.
2019; Pepin and Wotton 2020). A major aspect of this is whether existing fuel models are
able to incorporate the role of live fuel moisture content that can drive spring-time wildfires
in peatlands and heathlands (Jolly and Johnson 2018). This is an ongoing challenge for
temperate landscapes even within traditionally fire prone countries (e.g., Canada (Pepin and
Wotton 2020)) in addition to emerging fire prone temperate regions like northwestern
Europe (Cardil et al. 2023). We need to understand fuel moisture dynamics to constrain
functioning fuel models for key fuel types in temperate peatlands and heathlands.

Some previous research has focused on the role of live fuel moisture content of the dwarf
shrub Calluna vulgaris on flammability, fire ignition, and ROS (e.g., Davies and Legg 2008,
2011; Santana and Marrs 2014; Log 2020). Davies et al. (2009) observed ROS in experimental

fires in the Scottish uplands and developed empirical ROS models and later fire line intensity
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and flame length for Calluna-dominated heathlands (Davies et al. 2019). Cardil et al. (2023)
used Visible Infrared Imaging Radiometer Suite (VIIRS) remotely sensed hotspots to derive
the ROS for wildfires across northwestern Europe. Understanding the response of fire
behaviour models to the range of live fuel moisture conditions across a landscape is critical
in addressing scenarios where models may underestimate fire behaviour. Phenologically-
driven declines in live fuel moisture at the end of winter and into spring are particularly
important drivers of wildfire risk in Calluna-dominated landscapes that are critical to capture

in fire behaviour predictions (Davies et al. 2010; Log et al. 2017).

4.1.3 IMPACT OF FUEL MOISTURE SPATIAL COMPLEXITY ON FIRE BEHAVIOUR

Fuel loadings and fuel moisture are represented by single values within fuel models yet are
highly spatially variable in reality (Jolly 2007; Chapter 3). Recent research demonstrated that
cross-landscape fuel moisture differences in a temperate peatland/heathland created spatial
discontinuity in the availability of fuel for sustained ignition of live fuels and potential for
influence of cross-landscape fuel moisture differences, particularly live fuel moisture, on
simulated fire behaviour is still largely unknown.

Fire behaviour within emerging fire prone environments like the temperate peatlands and
heathlands of northwestern Europe can be affected by fine-scale heterogeneity in landscape
and fuel characteristics. Some previous research has examined the sensitivity of fire
behaviour models using hypothetical live fuel moisture scenarios (Jolly 2007; Minsavage-
davis 2022). Jolly (2007) systematically varied live fuel moisture content across existing
standard fuel models, finding high sensitivities to live fuel moisture depending on the fuel

model used. Minsavage-Davis and Davies (2022) evaluated different ROS models against
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observed ROS from experimental burns in Calluna heathlands. They found that various
implementations of the Rothermel surface spread model could adequately predict ROS
observed in Calluna heathlands. Both studies reported a lack of sensitivity in existing fire
behaviour models to live fuel moisture content (Jolly 2007; Minsavage-davis 2022).
However, there are no previous studies that have evaluated fire behaviour predictions using
a cross-landscape range of direct live and dead fuel moisture content measurements. These
field-based fuel measurement campaigns are needed to develop robust fuel models for

temperate fuel types that inform fire behaviour predictions.

4.1.4 RESEARCH QUESTIONS

This chapter examines the impact of cross-landscape fuel moisture variation on simulated
rate of spread across a temperate peatland and heathland landscape utilising direct fuel
moisture content measurements in BehavePlus. | address the following specific research
guestions: (1) To what extent does landscape-scale fuel moisture variability impact simulated
fire behaviour? (2) How is cross-landscape simulated fire behaviour influenced by existing
fuel models used for temperate shrubby fuels? (3) Does cross-landscape simulated fire
behaviour change when different live and dead Calluna fuel layers are used? (4) Can existing
operational dead fuel moisture models adequately capture cross-landscape predicted fire

behaviour?

4.2 METHODS

4.2.1 STUDY REGION
| measured cross-landscape variability in the fuel moisture content of Calluna vulgaris within

the North Yorkshire Moors National Park, United Kingdom (Figure 4.1), which provides an
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ideal example to assess the impact of measured fuel moisture content on cross-landscape
simulated fire behaviour. The North Yorkshire Moors is representative of the temperate
peatland and heathland landscapes present across northwestern Europe that are dominated

by the dwarf shrub Calluna vulgaris (Glaves et al. 2020).

4 sites
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Calluna fuel samples were collected from a total of 36 sites across the landscape on five days in spring and
summer 2021. Source: Esri, Maxar, Earthstar Geographics, and the GIS User Community. © Natural England
copyright. Contains Ordnance Survey data © Crown copyright and database right 2022.

4.2.2 SAMPLING DESIGN

| established 36 plots of 20 x 20 m homogenous Calluna across the landscape, with each plot
comprising a unique combination of soil textures, slope positions, aspects, and canopy ages
distinguished canopy age using time-since-last-burn records from land managers. Building
canopy plots were burned in the last 5-10 years and averaged 30 cm height with an
accumulated moss/litter layer depth of 2.5 cm. Mature canopy plots were burned 15-20

years ago and averaged 60 cm height with an accumulated moss/litter layer depth of 5 cm.
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4.2.3  FIELD MEASUREMENTS

| collected fuel samples during hot, dry fire weather conditions between 1100 and 1700,
randomising the order of plots visited as much as logistically possible (see Chapter 3 for full
details). Briefly, | collected three sets of samples during a 1-week period of drying in April,
and two further sets in June and July to capture the peak spring and summer wildfire
seasons of 2021. | sampled seven fuel layers in each plot to capture the vertical variation in
fuel moisture: Calluna live canopy, live stems (< 2 mm diameter), dead canopy, dead stems (<
2 mm diameter), surface moss (top 2 cm), litter (top 2 cm), and the organic layer beneath the
Calluna (top 5 cm of organic material above mineral soil). Of these seven fuel layers,
BehavePlus only uses the live and dead fine fuel moisture inputs to model fire behaviour, so
only the live and dead Calluna canopy and stem fuel layers are described further in this
(2023). Briefly, ca. 10 sprigs with stem diameter < 2 mm were collected from different plants
along a 25-m transect, to ensure fuel samples were representative of the entire plot area. |
separated the leafy canopy material from the woody lower stems into separate 250 ml
aluminium tins filled 3/4 full. | measured gravimetric fuel moisture content (mass of water
per mass of dried sample, %, Equation 4.1) by recording the wet weight of tinned samples,

drying the samples for at least 48 h at 80 ° C, and reweighing the dried samples.

) (sample wet weight — sample dry weight)
Fuel moisture content = - - - * 100 [Eq.4.1]
(sample dry weight — container tare weight)

The 36 plots were spread across the landscape in pairs of building and mature canopy

Calluna. At each pair of plots, | housed HOBO U23-001A PRO V2 (Onset Computer
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Corporation, Bourne, MA) sensors in radiation shields to monitor 1.25 m air temperature and

relative humidity at 15-minute intervals.

4.2.4 FUEL MODELS

| used Scott and Burgan's (2005) SH3 and SH6 shrub fuel models, which are currently the
most representative of Calluna. The SH3 and SH6 models have both been used in temperate
peatlands and heathlands: the SH3 fuel model in Northern Ireland and SH6 in the
Netherlands (Stoof et al. 2020) and Nova Scotia, Canada (Pepin and Wotton 2020). | used the
dead and live input fuel moisture categories, which describe the fine (< 2mm diameter) live
and dead shrub fuel moisture contents. The SH3 fuel model describes a moderate fuel load
with a high live (6.2 t/ac) compared to fine dead (0.45 t/ac) fuel load and fuel height of 2.4 ft.
The SH6 fuel model describes dense shrublands where there is a higher fine dead fuel load
(2.90 t/ac) compared to fine live fuels (1.40 t/ac) and fuel height of 2 ft.

| used different combinations of measured live and dead Calluna fuel moisture content as
the fuel moisture inputs in simulations to explore the response of the models to fuel
moisture content (Table 4.1). In addition to using the canopy and stem fuel moisture inputs
individually in simulations, | also used the plot-average combined fuel moisture content (the
average of the canopy and stem fuel moisture contents for the plot). | calculated the
landscape average fuel moisture content as the average of all the plot-average combined
fuel moisture contents.

| also calculated dead fuel moisture content using the Fosberg model that uses site relative
humidity and temperature measurements at time of sampling for one case study each in
spring (23/04/2021) and summer (22/07/2021). The Fosberg model is used to estimate fine

dead fuel moisture content from relative humidity and temperature measurements and can
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be adjusted for canopy shading, elevation, aspect, slope, and season (Fosberg et al. 1971).
The model has been incorporated into operational tools because of its simplicity and
accessible data inputs, including look-up tables for predicting dead fine fuel moisture
content and probability of ignition that are used within the National Wildfire Coordinating
Group Incident Response Pocket Guide (NWCG 2022) and fire weather instruments, such as
the Kestrel Fire Weather Meters (Kestrel Instruments, Boothwyn, PA). The Fosberg model
was also integrated into Rothermel's surface fire spread model in the USA and associated

fire prediction modelling systems (NWCG 2023).

4.2.5 FIRE BEHAVIOUR SIMULATIONS

| used the Rothermel surface ROS model in BehavePlus to simulate surface ROS at each of
the 36 plots across the landscape on each of the five sampling dates, using the plot
measured fuel moisture contents as fuel moisture inputs. | ran a series of different fuel
simulations for each sampling date to address each of the research questions (Table 4.2). |
kept all factors except fuel moisture constant, using 10 km/h midflame wind speed and 10%
slope steepness to isolate the influence of fuel moisture content on ROS conditions. This
scenario represented a moderate wind speed and slope that could reasonably occur within
the landscape without impacting the simulated fire behaviour by using high wind speeds and
slopes. | used the SH3 model as the default fuel model as it best represented the proportion
of live to dead fuel load in the North Yorkshire Moors.

Existing fire behaviour models used operationally generally use a single live and dead fuel
moisture content estimate to represent the average fuel moisture content for the region. |
therefore calculated the landscape-average simulated fire behaviour as a null model to

compare to the variability in simulated fire behaviour using the range of observed fuel
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moisture contents (Table 4.2, simulation 1). This simulation used the landscape average live
and dead fuel moisture content inputs to produce a single average simulated ROS for the
landscape. The main simulation of cross-landscape ROS variability uses the plot average
canopy and stem fuel moisture content as the fuel moisture inputs to characterise the
extent of landscape fuel moisture variability and its influence on simulated ROS (Table 4.2,
simulation 2). | repeated the main simulation using the SH6 fuel model for comparison (Table
4.2, simulation 3). To assess the differences in simulated ROS using different fuel layer
inputs, | ran the model using plot live canopy fuel moisture inputs while keeping dead fuel
moisture constant as the landscape average dead fuel moisture content. | repeated this
simulation for live stem fuel moisture and then plot average combined live fuel moisture
(Table 4.2, simulation 4). This simulation setup was reversed, varying dead canopy, dead
stem, and plot average dead fuel moisture content while keeping live fuel moisture constant
as the landscape average (Table 4.2, simulation 5). Finally, | simulated ROS for the Fosberg

modelled dead fuel moisture contents (Table 4.2, simulation 6).
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Table 4.1 Summary table of the main fuel moisture combinations used as inputs for predicting rate of spread (ROS) and referred to throughout the text. Fuel moisture
and consequent ROS scenarios are named by the fuel layer of the fuel moisture content that is varying in the ROS predictions.

Fuel moisture / ROS
scenario name

Fuel moisture description

ROS dead fuel moisture
input

ROS live fuel

moisture input

Live canopy
Live stems

Live combined
Average live
Dead canopy
Dead stems
Dead combined
Average dead

Fosberg dead unshaded

Fosberg dead shaded

Observed live canopy FMC

Observed live stem FMC

Plot average of observed live canopy and live stem FMC
Landscape average of live combined FMC across all sites

Observed dead canopy FMC

Observed dead stem FMC

Plot average of observed dead canopy and live stem FMC
Landscape average of dead combined FMC across all sites

Predicted dead FMC from the unshaded Fosberg model using observed temperature
and relative humidity measurements at time of sampling

Predicted dead FMC from the shaded Fosberg model using observed temperature and
relative humidity measurements at time of sampling

Average dead
Average dead
Average dead
Average dead
Dead canopy
Dead stems
Dead combined
Average dead

Fosberg dead unshaded

Fosberg dead shaded

Live canopy

Live stems

Live combined

Average live
Average live
Average live
Average live
Average live

Average live

Average live
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Table 4.2 Behave Plus model inputs used to address each of my research questions. Total number of unique runs = 1589 (simulation 6.A is a repeat of 5.A so does not

contribute to the overall number of unique runs).

Simulation description Fuel Dead fuel moisture content input Live fuel moisture content input Number of
model runs

1: What is the predicted RoS for the landscape SH3 Overall average dead for each date (5) Overall average live for each date 5
using only average fmc? (5)
2: How variable is simulated RoS across a SH3 Dead combined fmc per site (36) and date (5) Live combined fmc per site (36) 180
landscape? and date (5)
3: How is predicted RoS impacted by the fuel SH6 Dead combined fmc per site (36) and date (5) Live combined fmc per site (36) 180
model selected? and date (5)
4: What live Calluna fuel layers are important to SH3 Overall average dead fmc for each date (5) A. Live combined fmc per site 540
collect? (36) and date (5)

B. Live canopy fmc per site (36)

and date (5)

C. Live stem fmc per site (36) and

date (5)
5: What dead Calluna layers are important to SH3 A. Dead combined fmc per site (36) and date (5)  Overall average live fmc for each 540
collect? B. Dead canopy fmc per site (36) and date (5) date (5)

C. Dead stem fmc per site (36) and date (5)

6: Do existing operational tools perform just as SH3 A. Dead combined fmc per site (36) and date (2)  Overall average live fmc foreach 144

well?

B. Fosberg dead unshaded predicted fmc for
each site (36) and date (2)

C. Fosberg dead shaded predicted fmc for each
site (36) and date (2)

date (2)
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4.2.6 STATISTICAL ANALYSES

For each site, | calculated the percentage difference in the simulated ROS (Table 4.2,
simulation 2) from the overall average ROS (Table 4.2, simulation 1) for each date. This metric
was used to show how much simulated fire behaviour varied across the landscape (rather
than using absolute values that vary day to day). | tested for statistically significant
differences between the predicted ROS values calculated using canopy, stem, and combined
fuel moisture content for both live and dead Calluna for each date (Table 4.2, simulation 4
and 5). | performed ANOVA tests and checked the assumptions of normality of residuals
visually and homogeneity of variance using a Levene’s test. Some of the fuel layers and dates
violated the assumption of variance homogeneity, so | opted to use Kruskal Wallis tests for all
fuel layers and dates for consistency. The results from the ANOVA and Kruskal Wallis tests
were the same for all fuel layers and dates except for the live fuels on April 15, 2021, where
the Kruskal Wallis test revealed significant differences while the ANOVA did not. | performed
pairwise Wilcoxon tests where Kruskal Wallis tests were significant to determine which fuel
layers were different. | followed the same approach to compare predicted rates of spread
between the observed and Fosberg modelled fuel moisture inputs (Table 4.2, simulation 6). |
used Spearman correlations to compare fuel moisture predictions using the Fosberg model
with observed dead fuel moisture content. | conducted all statistical analyses in R version
4.0.3 (R Core Team 2022), using packages stats (inbuilt), car (Fox and Weisberg 2019), and

Hmisc (Harrell Jr 2022) .

4.3 RESULTS
Cross-landscape fuel moisture differences resulted in a 23—80% mean variation from average

ROS predicted using single fuel moisture inputs (Figure 4.2; Table 4.3). The driest sites
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predicted rates of spread up to 135% above the landscape average. The range of variation

from average ROS between the driest and wettest sites was between 46% and 160%.

Predicted ROS variance and absolute ROS was highest in spring (Figure S4.1).
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Figure 4.2 Box- and half violin-plots showing percentage variation from average rate of spread (ROS) across a
landscape for each of the five days of fuel moisture measurements, i.e., the percentage difference between

simulations one and two). Each value in the distribution represents a site (n = 36).



Table 4.3 Cross-landscape rate of spread (ROS) variation due to fuel moisture differences. Absolute (m/min) and
percentage variation from average ROS, where average ROS is predicted from landscape averaged fuel moisture
content under both the SH3 and SH6 fuel models (Table 4.2, simulation 1).

Date Fuel Max ROS Min ROS Average Max variation  Min variation  Mean
model  (m/min) (m/min) ROS from average  from average variation from
(m/min) average

15/04/21 SH3 21 13 1.7 23.5 -23.5 23.5
18/04/21 SH3 2.3 0.9 1.9 27.8 -50.0 38.9
23/04/21 SH3 4.7 1.5 2.2 135.0 -25.0 80
13/06/21 SH3 1.9 1.2 1.5 26.7 -20.0 23.3
22/07/21 SH3 1.7 1.1 1.4 30.8 -15.4 23.1
15/04/21 SH6 12.3 7.2 10.4 57.7 -7.7 32.7
18/04/21 SH6 10.5 6.5 8.4 22.1 -24.4 23.3
23/04/21 SHé6 15.1 1.6 114 31.3 -86.1 58.7
13/06/21 SH6 10.9 6.9 8.7 2.8 -34.9 18.9
22/07/21 SH6 10.1 6.2 8.0 3.1 -36.7 19.9

Simulated absolute ROS is significantly higher when the SH6 fuel model is used compared to
the SH3 fuel model (Figure 4.3). Average ROS is more than five-fold higher overall when the
SH6 fuel model is used to simulate ROS using the same fuel moisture content inputs.

However, the mean ROS variance is comparable between the SH3 and SH6 simulations.
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Figure 4.3 Boxplots of cross-landscape predicted rate of spread (ROS) from observed fuel moisture variability
between the SH3 and SH6 fuel models.

There were no statistically significant differences in predicted ROS when using dead canopy,
dead stem, or combined fuel moisture contents (Tables S4.1-54.2). All live fuel moisture
combinations led to significantly different ROS predictions, except for the June 13 field
measurements (Table S4.2). Cross-landscape ROS predictions were more variable when live
canopy Calluna fuel moisture values were used, leading to higher predicted rates of spread in

spring and lower in summer (Figure 4.4).
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Figure 4.4 Boxplots of cross-landscape predicted rate of spread (ROS) calculated for each of the live fuel layers
(using landscape-averaged 1-h fine fuel moisture).

The Fosberg model predicted lower dead fuel moisture content using temperature and
relative humidity measurements than the observed values (Figure 4.5a). The predictions
using the shaded position Fosberg model were closer to observed dead fuel moisture despite
the plots technically being unshaded. Predicted shaded (correlation coefficient = 0.48) and
unshaded (0.46) fuel moisture content was, however, significantly positively correlated with
observed fuel moisture for July 22. These differences did not translate to significantly
different ROS predictions between the Fosberg shaded and observed combined dead fuel

moisture simulations, but predicted ROS was significantly higher for the Fosberg dead
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unshaded simulations (Tables S4.2-S4.3). Predicted ROS was higher in spring than summer

(Figure 4.5b).
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Figure 4.5 Boxplots showing variation between observed and predicted dead fuel moisture content using the
Fosberg model (left) and consequent variation in predicted rates of spread (right) for a spring (April 23) and
summer (July 22) example.

4.4 DISCUSSION

My research highlights the importance of including cross-landscape fuel moisture content
differences in fire behaviour prediction models. This means it is also key that we collect fuel
moisture content data and understand how its variability is controlled by landscape features.
By comparing a null model with uniform fuel moisture content values to models that
realistically represent the variability in fuel moisture across a landscape, my results show that
the predicted fire behaviour differs significantly when incorporating natural variability in fuel

moisture.
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4.4.1 [ANDSCAPE FUEL MOISTURE VARIABILITY IMPACTS SIMULATED FIRE BEHAVIOUR

Cross-landscape fuel moisture differences impacted predicted ROS by 23—-80% on average,
compared to predictions based on a single fuel moisture estimate for the entire landscape
(Table 4.3). The significance of this magnitude of variation is context specific. On the days |
collected fuel samples, the absolute ROS predicted was low and cross-landscape variation
would not likely cause concern. However, during drier conditions, this may be useful
information to fire managers, particularly where fire behaviour crosses thresholds for the
safe use of suppression tools and tactics. Similarly, points on the landscape where ROS is
slower may provide FRS with opportunities to focus suppression activities or create fire

breaks.

This study contributes to existing model sensitivity studies as it utilises the measured
magnitude of fuel moisture variation across a landscape on the same day and thus
represents the range of differences in fire behaviour that could be expected in such a
landscape. Fuel moisture content was more variable in my field campaigns than the observed
fuel moisture ranges in previous experimental burns (Davies et al. 2009). Absolute ROS
tended to be lower than previous research has observed from experimental burns. This is
likely due to the set moderate slope and wind speed parameters used in my simulations

compared to observed fire data (Minsavage-davis 2022).

4.4.2 SIMULATED FIRE BEHAVIOUR IS IMPACTED BY CHOICE OF FUEL LAYER AND FUEL
MODEL
Absolute ROS was significantly higher when the SH6 fuel family was used in place of the SH3.

There are a range of fuel models that are used for temperate shrubby fuels (Scott and Burgan
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2005), and | demonstrate that the choice of fuel model can dramatically affect predictions.
Fine dead fuel load in the SH6 fuel model (2.9 t/ac) was six times higher than that of the SH3
fuel model (0.45 t/ac). | selected the SH3 model for the main simulations as my field
measurements were collected in a high live fuel load landscape; however, under future
climate change the proportion of live to dead fuel may change, and it is not unrealistic to
think the higher dead fuel load SH6 fuel model may become more representative. A number
of studies using climate projections point to future increased fire risk in the UK and
Northwest Europe due to increases in fire weather (Arnell et al. 2021; Perry et al. 2022).
Moreover, the SH3 model contained a 3 t/ac 10-hour dead fuel load (representing 6.35 mm
to 25.4 mm diameter dead fuels), which is unrealistic within many Calluna-dominated
peatland and heathlands. As such, ROS is likely underpredicted in my simulations. In reality, a
scenario somewhere between the SH3 and SH6 models would be most appropriate and

highlights the importance of tailoring fuel models for robust predictions of fire behaviour.

Previous research has demonstrated fuel moisture differences between the different fuel
layers of Calluna (i.e., canopy and stem fuel moisture differs for both live and dead Calluna)
(Davies et al. 2010; Davies and Legg 2011). Predicted rates of spread were not significantly
different when either dead canopy, dead stem or a combined average was used. For
simplicity, either material could be used from a fire behaviour modelling perspective.
Predicted rates of spread were more variable for live Calluna canopy than stems or combined
and predicted higher rates of spread in spring and lower in summer. Fire behaviour has
proven challenging to model in temperate peatland and heathland fuels like Calluna where
live fuel can form the dominant fuel load for fire spread during spring (Belcher et al. 2021).

Moreover, previous experimental research found a strong relationship between Calluna
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canopy fuel moisture and variation in observed fire behaviour (Davies et al. 2009). In lieu of
customised fuel models that specifically account for phenology, using Calluna canopy live
fuel moisture for fire behaviour model inputs would help capture the role of phenology in
influencing wildfire behaviour. Previous research has described fire behaviour in Calluna as
akin to mini crown fires as sustained spread can occur through the canopy without
consumption of the surface material (Fernandes et al. 2000; Davies et al. 2016). As such,
capturing Calluna canopy fuel moisture variation may provide the most realistic fire
behaviour scenarios. These findings suggest that the underlying relationships that apportion
the importance of dead and live fuel loads within the Rothermel family of fire spread models
may need to be adjusted to better account for the importance of live fuel moisture in these

fuel types.

Direct fuel moisture measurements are generally too time consuming to collect to be utilised
in a wildfire response fire behaviour modelling capacity. In these scenarios we need to rely
on modelled fuel moisture. The Fosberg model uses relative humidity and temperature to
predict fine dead fuel moisture content. The ability to use a look-up table to generate quick
predictions of fire behaviour is incredibly beneficial for response decision-making needs.
These forms of fuel moisture models, like the Fosberg model, likely need to be customised
for shrub fuel types that may not fully cure in the way grasses or litter do. Field-based
measurements of fuel moisture in shrub fuels would allow for a correction factor to adapt

existing models to temperate shrub ecosystems.

The Fosberg model was unable to capture the range of variability in fuel moisture content

because factors beyond these meteorological controls also influence fuel moisture. While the
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unshaded model predicted lower fuel moisture contents and consequently higher ROS, the
shaded model fuel moisture content was closer aligned to the observed dead fuel moisture
despite a lack of shading effect in the traditional sense. The shaded Fosberg model simulated
ROS that were not significantly different to those simulated using observed fuel moisture
content (Figure 4.5). This suggests that the density of Calluna canopy may shade understory
fuels and make shaded fuel moisture predictions more appropriate to use, adding further

weight to the narrative of Calluna behaving akin to a mini forest canopy.

4.4.3 FIRE BEHAVIOUR MODELS ARE INSENSITIVE TO CROSS-LANDSCAPE LIVE FUEL
MOISTURE CONTENT
There is a broader issue of whether fire behaviour models are sufficiently sensitive to fuel
however, the resulting variability in predicted ROS was much smaller. This is a reflection of
the sensitivity of the Rothermel model to live fuel moisture. Previous experimental research
has suggested that ROS is likely more sensitive to live fuel moisture changes than existing
models predict, and this sensitivity increases with fuel aridity (Jolly 2007; Nolan et al. 2016;
Pimont et al. 2019). This creates high risk scenarios in temperate regions where ROS may be
underpredicted when live fuels are dry, such as at the end of winter and early spring when
both managed burning and the main wildfire season are taking place in the UK’s peatland
and heathland landscapes (Davies et al. 2010). There is a need to constrain the role of fuel
moisture, particularly live fuel moisture, within models to develop accurate predictions of
fire behaviour in temperate environments (Dickman et al. 2023). One such avenue to achieve

this would be to develop live fuel moisture models that capture plant phenological and
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physiological processes and constrain the sensitivity of fire behaviour models to live fuel

moisture of temperate fuels.

4.4.4 IMPLICATIONS FOR FIRE MANAGEMENT

In emerging fire prone environments like the temperate peatlands and heathlands of
northwestern Europe, spatial heterogeneity in fire behaviour as a result of landscape
characteristics is relevant to consider. Cross-landscape fire behaviour is important for fire
management decision making, particularly where this variability may require changes in
suppression tools and tactics employed or provide opportunities for suppression. Capturing
cross-landscape fire behaviour variation would allow strategic decision-making for
conducting burns to safely and effectively achieve management outcomes. Existing fire
behaviour prediction tools based on a single regional average fuel moisture input could
underpredict fire behaviour and create dangerous situations for those suppressing wildfires
or increase the risk of escaped managed burns. Likewise, overpredictions could limit
opportunities for managed burning and increase suppression costs associated with wildfire

event turnouts.

As the risk from wildfires in these environments increases, availability of tools like
BehavePlus to inform decision-making become increasingly important. These tools require
user decisions such as choice of fuel model and fuel layer inputs, which can significantly
impact predictions. Minsavage-Davis and Davies (2022) suggested fire behaviour modelling
systems using Rothermel’s surface fire spread model can be applied within Calluna
heathlands but implored caution in interpreting predictions. While spatial variation in dead

fuel moisture between Calluna fuel layers is not likely to impact predicted rates of spread,
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care should be taken in defining live fuel moisture inputs and emphasis should be put on
capturing Calluna canopy fuel moisture. My findings highlight the need to validate existing
fuel models or develop tailored models that capture live fuel moisture dynamics and fuel

loads in temperate shrub fuels.
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5 ACCOUNTING FOR AMONG-SAMPLER VARIABILITY [IMPROVES

CONFIDENCE IN FUEL MOISTURE CONTENT FIELD MEASUREMENTS

ABSTRACT

Background: Direct fuel moisture content measurements are critical for characterising
spatiotemporal variations in fuel flammability and for informing wildfire danger assessments.
However, among-sampler variability (systematic differences in measurements between
samplers) likely contributes to fuel moisture measurement variability in most field
campaigns. Aims: | assessed the magnitude of among-sampler variability in plot-scale
Calluna vulgaris fuel moisture measurements. Methods: Seventeen individuals collected
samples from six fuel layers hourly from 10:00-18:00. | developed mixed effects models to
estimate the among-sampler variability. Key results: Fuel moisture measurements were
highly variable between individuals sampling within the same plot, fuel layer, and time of
day. The importance of among-sampler variability in explaining total measured fuel moisture
variance was fuel layer dependent. Among-sampler variability explained the greatest amount

of measurement variation in litter (58%) and moss (45%) and was more important for live
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(19%) than dead (4%) Calluna. Conclusions: Both consideration of samplers within the
experimental design and incorporation of sampler metadata during statistical analysis will
improve understanding of spatiotemporal fuel moisture dynamics obtained from field-based
studies. Implications: Accounting for among-sampler variability in fuel moisture campaigns
opens opportunities to utilise sampling teams and citizen science research to examine fuel

moisture dynamics over large spatiotemporal scales.
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5.1 INTRODUCTION

Fuel moisture is a primary determinant of fuel flammability, ignition, and rate of spread;
therefore, being able to accurately determine fuel moisture content is integral to predicting
wildfire danger and behaviour (Scarff et al. 2021; Ellis et al. 2022; Dickman et al. 2023). Field-
based sampling of fuels provides the only direct measure of fuel moisture content. However,
fuel moisture contents vary both rapidly in time through the day in response to humidity
fluctuations (Matthews 2014) and over long time periods in response to seasonal and
interannual weather patterns (Pivovaroff et al. 2019; Brown, Hoylman, et al. 2022). Fuel
moisture contents also likely vary over a range of spatial scales (plot — landscape — regional)
in response to diverse ecohydrological and climatological controls (Nyman et al. 2018; Nolan,
Foster, et al. 2022). Intensive large-scale and long-term sampling campaigns with a large
number of people are necessary to adequately sample this complex spatiotemporal
variability in fuel moisture contents, particularly to sample spatial variability in fuel moistures
across extensive research areas during short periods of consistent fire weather conditions

(Matthews et al. 2010).

In these large fuel moisture measurement campaigns, there are two key sources of variability
in the sampling process: (a) random sampling error, where different plants or parts of the
plant from the appropriate layer are selected, and (b) sampler error, for example where a
sampler consistently has a different interpretation of a fuel layer. Because the error
associated with (a) is random, it can be averaged out through repetition. However, (b) is
systematic and likely becomes a relevant source of measurement error. | define this as
‘among-sampler variability’ within the text (systematic differences in fuel moisture content

measurements between samplers; Figure 5.1).
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Figure 5.1 Schematic diagram outlining definitions of variability. a) ‘Hourly measurement variability’ is the
variation in the moisture content measurement of a given fuel layer in each hour. This results from both among
sampler variability and random sampling error in the plot. b) ‘Among-sampler variability’ is variability due to
systematic differences between samplers that occur across repeated measurements during the day.

Where direct measurements are not feasible, various models have been developed to
indirectly estimate fuel moisture, particularly across long time periods (e.g., Cawson et al.
2020; Miller et al. 2022). While we routinely quantify sources of uncertainty associated with
fuel moisture models (Lai et al. 2022), field-based fuel moisture measurement errors are
rarely considered explicitly. To improve fuel moisture experimental designs and analyses it is
important to be able to extract among-sampler variability from other sources of fuel
moisture measurement variability. In doing so, we improve our scientific understanding of

fuel moisture contents and our ability to accurately simulate its values for fire management.

5.1.1 CITIZEN SCIENCE FOR FUEL MOISTURE MONITORING
Citizen science is a powerful approach for collecting large quantities of environmental data

and is critical for understanding processes operating across large spatiotemporal scales
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(Devictor et al. 2010; Isaac et al. 2014). Among-sampler variability is inherent in field studies
involving multiple individuals, as people naturally carry out tasks differently, and can arise
through different levels of experience, motivation, and different interpretations of protocols.
The importance of among-sampler variability has been reported in previous environmental
citizen science projects, particularly for studies monitoring species presence-absence and
quantifying flora percentage cover (e.g., Morrison 2016 and references therein; Sicacha-
Parada et al. 2021; Nolan, Gilbert, et al. 2022). Some sources and impacts of among-sampler
variability can be lessened through careful experimental design (e.g., developing effective
training protocols, recruiting individuals with similar levels of prior experience). However,
among-sampler variability cannot be completely eliminated, and this error is incorporated

into the resulting measurements (Bird et al. 2014; August et al. 2020).

Accounting for among-sampler variability allows us to optimise citizen science opportunities
to understand fuel moisture dynamics at broad spatiotemporal scales that cannot be
captured by traditional, controlled field experiments (Dickinson et al. 2010; Arazy and
Malkinson 2021). This is important for developing robust fuel models and is especially
important in environments where cross-scale fuel moisture dynamics are not fully
understood. Considering potential among-sampler variability prior to conducting large-scale
fuel moisture campaigns can allow for targeted collection times, locations, and sampler

metadata to isolate spatiotemporal fuel moisture dynamics.

5.1.2 RESEARCH QUESTIONS
| conducted an intensive sampling campaign to determine the magnitude of among-sampler

variability in measured fuel moisture at the plot scale within a Calluna vulgaris dominated
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temperate fire prone landscape. My findings are widely applicable for estimating among-
sampler variability in fuel moisture measurements and enabling a confidence range to be
applied to estimates used in a practical setting. Accounting for among-sampler variability
also opens opportunities for large-scale fuel moisture monitoring campaigns using citizen
science, which are necessary for understanding fuel moisture dynamics at regional and

national scales.

5.2 METHODS

5.2.1 STUDYSITE
The field campaign was completed by an undergraduate geography field class (n = 17) in the
Lickey Hills Country Park, Birmingham, England (52.3723°N, 2.0045°W). The site was selected
as it is representative of the type of heathland landscapes that are found throughout
temperate fire prone environments (Glaves et al. 2020). Two Calluna-dominated plots were
selected, and samplers were evenly split across the two plots to minimise overall destruction
of Calluna in one location. The two plots were both ca. 300 m? situated on hillslopes on the
same shallow, acidic, peaty soils (Soilscapes, Farewell et al. 2011) ca. 1000 m apart. Plots
were dominated by Calluna vulgaris and interspersed with Vaccinium myrtillus (common

bilberry) and Pteridium aquilinum (bracken).

5.2.2 FUEL MOISTURE SAMPLING CAMPAIGN
Students sampled six Calluna fuel layers each hour (Error! Reference source not found.). T
hese layers were: live canopy; live stems; dead canopy; dead stems; surface moss (Kindbergia
praelonga dominant species); and surface litter. Each sampler collected one set of samples

every hour between 1000 and 1800, resulting in nine sets of samples per sampler and a total
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of 918 samples overall. None of the samplers had monitored fuel moisture before, and all
samplers received the same protocol (Supplementary Material; Figure S5.1) adapted from
(Norum and Miller 1984). | provided a briefing prior to beginning sampling and advice during
the first hour of sampling to ensure correct species identification and sample size for
laboratory analysis. Each sampler was instructed to haphazardly collect fuel clippings from
each fuel layer across the entire plot area (ca. 10 different plants) in accordance with Norum
and Miller (1984). The undergraduate students stored clippings in an aluminium tin with a
screw-fit lid sealed with masking tape. | calculated gravimetric fuel moisture content (mass of
water per mass of dried sample, %) following Norum and Miller (1984). | weighed the tinned
samples (wet weight) as soon as possible the morning after collection. | then dried the
samples for at least 48 h at 80 °C and reweighed them (dry weight). All fuel moisture
contents are presented throughout as percentages; mass of water as a percentage of the

mass of the dried sample (%).

Figure 5.2 Visual depiction of the six different fuel layers sampled by the students each hour through the
sampling period. Red line depicts the boundary between the canopy above and the stems below (Photo credit:
Kerryn Little).
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5.2.3 DATA ANALYSIS
| used mixed effects models with time as a fixed effect and sampler identity as a random
effect. By including sampler as a random effect, this allowed me to estimate the among-
sampler variability (Figure 5.2), where the actual identity of the sampler is not important.
The standard deviation of the random effect can be interpreted as the among-sampler
variability once fixed effects (in this case time of day) have been accounted for. | also
calculated the coefficient of variation (standard deviation of the random effect divided by the
mean fuel moisture content (FMC%) for a given layer) to facilitate comparability across fuel

layers of different fuel moisture content ranges.

Finally, | calculated the model marginal R? (variation explained by the fixed effects) and
conditional R? (variation explained by both fixed and random effects) (Nakagawa and
Schielzeth 2013). The difference represents the amount of variation explained by among-
sampler variability, and therefore gives an understanding of how important accounting for
among-sampler variability is for a given layer. | conducted all statistical analyses in R version

4.1.2 (R Core Team 2022) using packages Ime4 (Bates et al. 2015) and MuMIn (Barton 2022).

53 RESULTS

5.3.1 FUEL MOISTURE MEASUREMENT VARIABILITY
High fuel moisture content measurement variability was observed across all fuel layers
(Figure 5.3). Individuals sampling within the same plot at the same time obtained different
fuel moisture content measurements up to a maximum range of 320% (moss), 249% (litter),
76% (live canopy), 72% (dead canopy), 68% (dead stems), and 39% (live stems). Most fuel

layers had a right-skewed distribution of measured fuel moisture content, with a high upper
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quartile, upper extreme and high fuel moisture outliers. Live Calluna had more of an even
distribution of above and below median measured fuel moisture content. Measured live and
dead Calluna fuel moisture content was highest at 10:00 and generally decreased throughout
the day before starting to increase again at the end of the sampling period. This diurnal

pattern was not evident in the wettest fuel layers (Figure S5.2).
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Figure 5.3 Measurement variability in fuel moisture content measurements collected by each sampler from
10:00 to 18:00 by fuel layer. Each y-axis is scaled independently to clearly visualise within-fuel layer
measurement variability.

5.3.2 AMONG-SAMPLER VARIABILITY IN FUEL MOISTURE CONTENT
Among-sampler variation, measured as the standard deviation of the random effect, ranged
from 1.25 (dead canopy layer) to 32.13 (moss layer). Because each layer has a very different

mean value for FMC%, | also present the coefficient of variation which allows me to provide
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relative estimates of among-sampler variation. These range from 0.04 (live stems and dead
canopy) to 0.56 (litter layer). In general, among-sampler variation is larger in the wetter
layers (moss and litter) (Table 5.1). The amount of variance explained by the random effects
(conditional R? — marginal R?) can provide us with information about how important it is to
take account of the among-sampler variability. This was greater than the amount of variation
explained by the fixed effects for all layers except dead canopy, suggesting it is crucial to
account for among-sampler variability in such studies. It should be noted, however, that the
R? values are sensitive to the sample size and study specifics. Time of sampling explained up

to 14% (live canopy layer) of the variability in the data.

Table 5.1 Summary statistics from the mixed effects model of diurnal fuel moisture measurement variability
with sampler as a random effect. Values represent fuel moisture contents as percentages; mass of water as a
percentage of the mass of the dried sample (%).

SD of the random Coefficient of Estimate of
Fuel effect (raw among- variation (relative time of day Marginal  Conditional .
o ) 2 Difference
layer sampler variability among-sampler (standard R R
in FMC%) variability in FMC%) error)

Live 7.48 0.07 245(044)  0.14 0.32 0.18
canopy

Live 351 0.04 -0.47 (0.22) 0.02 0.21 0.19
stems

Dead 1.25 0.04 159(038)  0.10 0.11 0.01
canopy

Dead 2.63 0.10 -0.53 (0.40) 0.01 0.05 0.04
stems

Moss 32.13 0.40 -0.64 (1.79) <0.01 0.45 0.45
Litter 27.37 0.56 1.19 (0.95) <0.01 0.58 0.58
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54 DISCUSSION

5.4.1 QUANTIFYING AMONG-SAMPLER VARIABILITY IN FUEL MOISTURE ESTIMATES
Seventeen samplers collecting fuel moisture samples at the same time within the same site
measured very different fuel moisture contents. With the exception of dead canopy material,
among-sampler variability was more important than time-of-day in explaining the total
measured fuel moisture variation of each fuel layer at the plot scale. Significant attention is
given to diurnal variability in fuel moisture content in rapidly drying fine fuels (e.g. Slijepcevic
et al. 2013; Bilgili et al. 2019; Zhang and Sun 2020). However, | have shown that among-
sampler variability can exceed diurnal drying patterns and should also be considered in fuel

moisture dynamics studies.

Among-sampler variability explained the greatest amount of variation in litter fuel moisture,
followed by moss and live Calluna stems and canopy. Importantly, it is not exclusively the
highest absolute values of fuel moisture that are associated with large among-sampler
variability. | hypothesise that some fuel layers are harder to sample and require more
subjective decision-making by the sampler. Even with protocols and training, any such
subjective decision-making and variation in sampling effort will produce among-sampler
variability in fuel layers. For instance, samplers must identify the top 2 cm of moss and litter
material, remove any attached decomposing material, and ensure fuel sample separation
where litter material is interspersed in patches of moss. Subjectivity in clipping live Calluna
can also incorporate additional among-sample variability due to the length of sprigs
collected, where samplers choose to separate the live canopy from the live stems, and even

correctly identifying live from dead Calluna. A lack of confidence in the latter could lead to
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subconscious targeting of the greenest live material and missing the brown live material that

is harder to identify.

At the other end of the scale, among-sampler variability was low in dead Calluna but the
coefficient of variation was higher than expected for such a low among-sampler variability.
This is likely attributable to outliers resulting from the misidentification of live Calluna as
dead. Where dead fuel is correctly identified, this material is considered easy to collect
following the sampling protocol and among-sampler variability is low. Among-sampler
variability in this case is mainly a concern where brown Calluna is incorrectly identified as
dead. Where dead fuel moisture is the most important variable, among-sampler variability
may be less important to account for than time-of-day and illogical values from

misidentifications can be filtered out of the dataset.

There may also be variability within individual samplers through time. For instance, sampler
accuracy may increase with experience gained or decrease due to fatigue as the day goes on.
These changes may be intertwined with diurnal fluctuations in fuel moisture variability, as
was the case in this study, and so are unable to be disentangled. However, temporal changes
in individual sampler variability should be considered during sampling campaign design to
minimise this influence (e.g., allow time for instructions, practice, and feedback before
beginning and consider the required length of sampling campaigns to manage fatigue and

comfort of samplers).

5.4.2 CONSIDERING AMONG-SAMPLER VARIABILITY IN SURVEY DESIGN
Carefully considered sampling protocols can minimise sources of among-sampler variability

prior to field collection (Dickinson et al. 2010; Morrison 2016). | aimed to reduce sampling
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effort variability by having a clear protocol for where, when, and how samples should be
collected. | also controlled for among-sampler differences by recruiting volunteers from the
same cohort with no prior fuel moisture sampling experience and provided them with the
same level of training. Where sources of variability cannot be minimised through sampling
protocols, statistical tools can sometimes be used to account for among-sampler variability
from other sources of error (Bird et al. 2014; August et al. 2020). Statistical models such as
mixed effects models (Aagaard et al. 2018) and machine learning tools like boosted
regression trees (Cox et al. 2012), random forests, and artificial neural networks (Fink and
Hochachka 2012) have been used in citizen science ecological studies to account for this
variability. However, statistical tools can only be utilised when it is possible to isolate sampler
identity from other covariates. Where sampler identity is not known or is confounded with
other variables such as geographic location or time, the underlying controls on fuel moisture

variability cannot be disentangled.

Larger fuel moisture sampling campaigns that aim to quantify the spatiotemporal variability
in fuel moisture content will likely require greater flexibility in where and when samples are
collected and who is recruited to collect samples. In these situations, the collection of
sampler metadata (e.g., sampler experience, training received, and profession (e.g.,
heathland land managers may have greater familiarity and confidence in identifying fuel
layers than others)) could also be collected to further quantify among-sampler variability
(Kelling et al. 2015). Fuel moisture samples should have a sampler identifier to relate
metadata metrics to fuel moisture content. Sampler metadata can be used to control

sampling designs to prevent confounding with covariates, filter databases for analyses, and
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include metrics in models to isolate fuel moisture measurements from sources of sampler

variability (August et al. 2020).

5.4.3 IMPLICATIONS
Among-sampler variability can lead to high variability in fuel moisture content
measurements within the same plot, fuel layer, and time of day. With this knowledge, it is
possible to give a range of confidence in fuel moisture estimates associated with among-
sampler variability that will be more accurate than a single value. Accounting for among-
sampler variability opens opportunities to maximise the potential of citizen science research
to characterise fuels and understand regional fuel dynamics beyond the capability of most
traditional field experiments. For instance, capturing fuel load and fuel flammability are also
essential to develop fuel models that are representative of the range of regional ecosystems
they are being developed for. Fuel height and fuel samples could be collected by citizen
scientists for research developing wider aspects of fuel and fire behaviour models.
Furthermore, community hubs of citizen scientists could implement long-term fuel moisture
monitoring campaigns to assess local wildfire danger, thereby creating wildfire-aware

community networks within rural-urban interfaces and promoting risk reduction strategies.
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6 RESEARCH SYNTHESIS AND FUTURE DIRECTIONS

6.1 INTRODUCTION

The research in this thesis was motivated by the need for a more flexible approach to wildfire
danger research that captures the underlying scientific controls and addresses the diversity
of decision-making needs, particularly in understudied emerging fire prone regions. This
thesis aimed to assess the multi-scale controls on components of wildfire danger. To meet
this aim, Chapter 2 examined the association between Persistent Positive Anomalies (PPAs),
surface fire weather, and wildfire activity at a pan-European level. Chapter 3 assessed the
range of variability in the live and dead fuel moisture content of Calluna vulgaris across a
temperate fire prone landscape and examined the landscape and micrometeorological
drivers of landscape-scale fuel moisture variability through an intensive, direct fuel moisture
measurement campaign. Chapter 4 then examined the impact of this cross-landscape fuel
moisture variability on simulated fire behaviour using BehavePlus. Finally, Chapter 5
examined the extent of among-sampler variability in measured fuel moisture at the plot
scale that is an inherent part of broad-scale field campaigns involving multiple samplers

through a direct fuel moisture measurement campaign involving seventeen samplers.
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Collectively, the research in this thesis is novel in that: (1) it is not confined by what existing
models and systems are capable of. It seeks to understand the real-world processes
influencing wildfire danger and how new scientific understanding can inform decision making
tools to meet diverse user needs. (2) Similarly, this thesis is not confined to conventional
schools of knowledge. It is transdisciplinary in its consideration of wildfire danger across
geographical spheres, from synoptic climatology using large, gridded data sets to landscape
ecology using experimental field campaigns. The structure of this thesis reflects the holistic
approach that is essential for integrated wildfire management. (3) The research focuses on
an understudied region for wildfire research, where wildfire risk is increasing but there are
significant gaps in our understanding of the processes driving wildfire danger and functional
tools to develop wildfire prevention strategies. (4) This thesis includes intensive direct fuel
moisture measurement campaigns that are rare but essential for understanding fuel
moisture dynamics. Chapter 6 synthesises the key findings of this thesis, highlights any

limitations and implications, and outlines areas of future research.

6.2 SYNTHESIS OF KEY FINDINGS

This section synthesises advances in our scientific understanding of multi-scale processes

influencing components of wildfire danger.

6.2.1 SYNOPTIC SCALE

Using a pan-European analysis of PPA—fire interactions, | demonstrated the underlying
processes driving surface fire weather and wildfire activity associated with PPAs in Europe, a
region with complex human—fire interactions (Chapter 2). My research has found that

Europe-wide, extreme fire weather and wildfires are more likely to occur under PPA
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conditions, associated with the role of PPAs in pre-drying surface fuels. | also found a
latitudinal increase in the percentage of burned area attributable to PPA conditions, which is
consistent with PPA—fire associations found in Western North America (Sharma et al. 2022)
and previous research finding synoptic—surface weather associations are strongest at high
latitudes (Pfahl and Wernli, 2012; Rousi et al. 2022; Wehrli et al. 2022). Understanding the
mechanisms driving PPA—fire associations is essential to be able to develop early warning
systems of dangerous wildfire conditions and consider how these processes might change

and consequently impact wildfire risk under climate change.

6.2.2 LANDSCAPE SCALE

| measured the extent and drivers of spatial variability in the fuel moisture content of Calluna
vulgaris across a temperate peatland/heathland landscape for the first time. Cross-landscape
fuel moisture variability led to on/off thresholding of live fuel availability for wildfire spread
and vulnerability of the organic layer to smouldering combustion (Chapter 3). The observed
extent of cross-landscape fuel moisture differences significantly impacted simulated rates of
spread (Chapter 4). These findings demonstrate that existing regional estimates of fuel

moisture and fire weather may under or overpredict local wildfire danger and behaviour.

This is partly due to the importance of fine-scale heterogeneity for fire in temperate
emerging fire prone regions. This thesis contributes towards understanding live fuel moisture
dynamics and spring-time fires, which have been identified as a major challenge in
temperate peatland/heathland landscapes. Existing models of fire behaviour are insensitive
to observed live fuel moisture variation and are strongly impacted by the choice of

temperate fuel type. Chapters 3 and 4 highlight the creation of high-risk scenarios at the end
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of winter and early spring in temperate peatland and heathlands, where fire behaviour may
be underpredicted when live fuels are at their driest. The underlying relationships that
determine the importance of dead and live fuel loads within fire spread models may need to

be adjusted to better capture the importance of live fuel moisture in temperate fuel types.

While phenology is recognised as an important control on temporal fuel moisture variability,
this research has demonstrated that there is also an important spatial dimension to
phenology as a landscape control. My results suggest that the Calluna canopy acts in a
similar manner to the overstory in forested fuels that form a boundary between the
atmosphere and underlying surface fuels (Chapter 3). This is consistent with previous
descriptions of the behaviour of wildfire spread through Calluna canopy akin to a mini-crown
fire (Fernandes et al. 2000; Davies and Legg 2016). The results of Chapters 3 and 4 point to
the potential benefits of utilising Calluna canopy fuel moisture to capture cross-landscape
variations within fire behaviour models and wildfire danger estimates in lieu of fully

functioning fuel types.

| found that landscape factors are more important drivers of spatial fuel moisture variation
than micrometeorological factors in temperate peatland / heathland landscapes (Chapter 3).
This is a key insight into the need to account for landscape—fuel moisture relationships
directly as exiting fuel moisture estimates derived solely from micrometeorological
observations will exclude the underlying influence of landscape controls. These findings
contribute new knowledge in understanding the processes driving spatial fuel moisture

variability, especially for non-forested environments where fuel moisture dynamics are
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understudied. Such studies are essential for developing tailored temperate fuel models that

capture the complexity of fuel moisture dynamics.

6.2.3 PLOT SCALE

Large-scale direct fuel moisture measurement campaigns are essential for understanding fuel
dynamics as evidenced by Chapters 3 and 4 of this thesis. Plot-scale fuel moisture variability
is also incorporated in these fuel measurement campaigns, including fine-scale diversity in
ecological, geomorphological, and hydrological controls and variability associated with the
sampling campaign design. Chapter 5 found that among-sampler variability is a relevant
source of measurement error in field measurement campaigns, particularly for surface fuels
and live fuels that require subjective decision-making by the sampler. Such field
measurement errors are rarely quantified, and in doing so, | presented specific experimental
and sampling design considerations that could be used to minimise among-sampler
variability and highlighted the importance of collecting sampler metadata to isolate fuel
moisture dynamics of interest. My findings provide important guidelines for maximising the
benefits of citizen science research and broad-scale field campaigns that are essential for

scaling-up field campaigns to understand spatiotemporal fuel dynamics.

6.2.4 MULTI-SCALE FRAMEWORK FOR UNDERSTANDING WILDFIRE DANGER

Traditionally, wildfire danger is considered at broad spatial scales using surface fire weather
and fuel moisture estimates. Developments in the availability of data products and increasing
complexity of wildfire management needs have led to increasing recognition of the need for
greater flexibility in wildfire danger assessments. However, the underlying processes that

control components of wildfire danger across spatial scales have not yet been fully resolved.
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The research presented in this thesis demonstrates how a multi-scale approach to
considering wildfire danger can better capture the underlying processes influencing fire
weather and fuel moisture and can be used to develop models that better reflect real-world

processes.

Disentangling the synoptic drivers of surface fire weather improves our understanding of
fire—climate relationships and provides insights towards forecasting fire weather beyond
current surface forecast capabilities (Chapter 2). However, only considering regional fire
weather and fuel moisture dynamics masks the landscape level processes that drive local
wildfire danger and are essential to understand (Chapters 3 and 4). In order to fully
understand spatiotemporal fuel and fire dynamics, it is essential to scale-up field-based fuel
measurement campaigns. Accounting for among-sampler variability that is inherent in these
campaigns is therefore critical for isolating environmental processes from measurement
error (Chapter 5). A multi-scale approach to understanding wildfire danger allows for a more

holistic understanding of the different processes that impact wildfire danger.

6.3 IMPLICATIONS

The results of this thesis have clear implications for the following areas of wildfire research

and management across spatiotemporal scales:

1. Wildfire preparedness
2. Fire and land management decision-making needs

3. Potential of citizen science in wildfire research
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6.3.1 WILDFIRE PREPAREDNESS

A multi-scale approach to wildfire danger would allow for the inclusion of synoptic controls
within fire occurrence systems to develop the medium range forecasting potential for
dangerous fire weather conditions. Advanced warning of extended, extensive periods of
elevated wildfire danger that may impact large regions and overwhelm fire suppression
resources would help to inform early wildfire awareness and preparedness and policy and
management decisions like early mobilisation and resource sharing across regions. Given the
association between PPA events and poor surface air quality during wildfires, early warning
systems would help communicate wildfire dangerous conditions to the public and potential
air pollution events. At the landscape level, identification of areas vulnerable to wildfire

spread or smouldering can allow for targeted fuel reduction.

6.3.2 FIRE AND LAND MANAGEMENT DECISION-MAKING NEEDS

The findings of this research have implications for decision-making at many levels, from local
land managers and fire rescue services to national and international scales. (1) Forecasting of
extended and extensive events can help to inform resource allocation and decision making to
avoid resources becoming overwhelmed, e.g., coordination of cross-region or international
resource exchange. (2) Downscaling of regional fuel moisture estimates to capture local fuel
moisture variability and consequent wildfire behaviour and danger could help inform local
fire management decision making, as well as identifying where suppression tools and tactics
may need to be adjusted or highlighting suppression opportunities. From a fuel management
perspective, capturing cross-landscape fire behaviour variability would aid decision-making
for conducting fuel management activities to safely and effectively achieve management

outcomes. The multi-scale approach to understanding wildfire danger in this thesis
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recognises the multi-facetted nature of decision-making needs and that management tools

may require different levels of detail for the different functions they perform.

6.3.3 POTENTIAL OF CITIZEN SCIENCE

By considering among-sampler variability in measurements within experimental designs and
statistical analyses, the benefits of citizen science can be optimised to understand processes
operating at broad spatiotemporal scales that cannot be captured by traditional, controlled
field experiments (Dickinson et al. 2010; Arazy and Malkinson 2021). These findings are
relevant for the wider wildfire research community to answer essential questions beyond
fuel moisture, including collecting fuel load and flammability data to develop tailored fuel
models. Beyond implications for our scientific understanding of spatiotemporal processes,
the inclusion of citizen science research offers opportunities to develop long-term
monitoring campaigns within community hubs of citizen scientists. This involvement would
help to create wildfire-aware community networks within rural-urban interfaces, improving
wildfire danger communication and agency over risk reduction and wildfire preparedness

strategies.

6.4 METHODOLOGIES AND LIMITATIONS

| used a variety of techniques in examining the multi-scale drivers of wildfire danger. | used
large-scale gridded climate data and remotely sensed burned area products to examine the
association between PPAs and surface fire weather and wildfires (Chapter 2). | used a novel
PPA detection algorithm that is robust to weaker summer pressure gradients for the first
time at a pan-European level to detect PPAs and related these to surface conditions via

statistical analyses across four geographically contiguous regions. The use of remotely-
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sensed burned area information was beneficial for examining extensive events that cross
political borders as it ensured consistency through the use of a single database and collection
method. However, this creates a bias in the omission of small fires (< 30 ha) that cannot be
remotely sensed and may impact PPA—fire associations in some regions. Furthermore, the
sparsity of records for some regions of Europe meant that | aggregated burned area across a
1x1 degree grid cell rather than considering individual burned area perimeters. Given the
focus on synoptic-scale controls and the need to understand processes at a pan-European
level this was appropriate; however, this may have removed some of the within-grid spatial

complexity that may be insightful for unravelling PPA—fire relationships.

Chapters 3, 4, and 5 utilised intensive direct fuel moisture measurement campaigns. The field
campaign conducted to collect data for Chapters 3 and 4 represented the first study to
measure the extent of fuel moisture variability across a peatland and heathland landscape.
Of the limited landscape-scale fuel moisture research, most were conducted using fuel
moisture proxies within forested landscapes and experienced limitations relating to the
confounding of landscape variables. | selected sampling sites to represent each possible
combination of hypothesised landscape controls to prevent confounding between predictor
variables. The field campaign conducted in Chapter 5 is the first attempt to characterise
among-sampler variability within fuel and fire research. Both field campaigns conducted
during this thesis advanced our understanding of fuel moisture dynamics in a landscape and
region where the processes driving wildfire danger and behaviour are not well understood

and are not captured in existing models.
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Most ecological field-based research is affected by the inherent complexity of natural
landscapes. | employed careful experimental design, literature-based model selection, and
interpretation of results based on scientific understanding; however, | acknowledge that
inherent variability in the environment means there may be unknown spatial controls that
are unaccounted for and may impact the results of this thesis. | have highlighted this where
relevant within the thesis and hypothesised specific landscape controls that should be
further explored. The experimental studies conducted in this thesis are absolutely critical for
advancing our understanding of landscape processes and disturbances and provide valuable
insights despite spatial complexity. Such field studies should not be discouraged, but it is
important to understand and mitigate limitations where possible during experimental design

and analysis as well as report any limitations.

6.5 FUTURE RESEARCH

Wildfire danger is controlled by complex, interacting processes, and there are many
opportunities to build on the findings of this thesis to better capture the mechanisms driving
wildfire danger across spatiotemporal scales. Global climate and land use change will
continue to impact wildfire danger, providing further impetus for resolving the processes
driving wildfire danger for inclusion in practical applications. | identified three key priorities

for future research:

1. Development of robust temperate fuel models
2. Unravelling how complex interactions across scales impact wildfire danger

3. Understanding the impact of future climate change on wildfire danger
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6.5.1 DEVELOPMENT OF ROBUST TEMPERATE FUEL MODELS

This thesis has demonstrated the need to develop tailored fuel models for temperate fuels
that capture the complexity of live fuel moisture dynamics. Further research might (1)
unravel the mechanisms driving landscape—fuel moisture relationships (e.g., narrowing in on
the role of soil texture), (2) scale-up field studies to understand whether these processes
hold across the range of fuels and landscapes in temperate regions, and (3) revise the
representation of live fuels in fire behaviour models. Plant physiology may hold the key to
unravelling the controls on live fuel moisture content. Transdisciplinary collaboration would

aid understanding of live fuel dynamics using the existing expertise of plant physiologists.

6.5.2 UNRAVELLING HOW COMPLEX INTERACTIONS ACROSS SCALES IMPACT WILDFIRE
DANGER
Two-way interactions between different scales of processes impacting wildfire danger
components are important for disentangling the underlying controls on wildfire danger. For
example, this thesis examined the association between PPAs and surface fire weather. Future
research might: (1) narrow in on the edge effects of PPAs and how their breakdown and
interaction with other atmospheric circulation patterns influences surface fire weather and
wildfire activity; (2) examine how PPA-fire interactions are influenced by larger
teleconnections operating at longer time scales for producing seasonal forecasts, i.e., the
North Atlantic Oscillation (NAO) and Arctic Amplification (AA); (3) understand the full range
of synoptic controls on surface fire weather when PPAs are not the dominant circulation
pattern; and (4) narrow in on land—atmosphere feedbacks that may create positive feedbacks
in extreme fire weather and wildfire activity associated with PPAs, e.g., early permafrost

melt. This research has demonstrated how processes driving wildfire danger operate at
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different spatiotemporal scales. There is a need to unravel the multi-scale interactions
between processes the ultimately drive wildfire danger as well as develop appropriate

methods to scale-up and downscale these controls.

6.5.3 UNDERSTANDING THE IMPACT OF FUTURE CLIMATE CHANGE ON WILDFIRE DANGER

There is uncertainty in how the processes controlling wildfire danger are likely to change
under future climate scenarios. In fact, due to the brevity of wildfire records in temperate
regions, historical trends in wildfire activity and associated controls are limited. Further
research should examine how synoptic—fire relationships and landscape—fuel moisture
controls are likely to be impacted by climate change as these will have implications for
understanding future wildfire risk. For example, atmospheric dynamic changes in synoptic
processes could substantially impact future wildfire risk but are not well represented in
climate projections, and threshold tipping points in the ecohydrological and plant

physiological controls on live fuel moisture are not well defined.

6.6 CONCLUSIONS

The research presented in this PhD thesis improves our understanding of the multi-scale
drivers of wildfire danger, recognising the need for a flexible approach to assessing wildfire
danger that captures the underlying scientific controls and addresses the diversity of
decision-making needs. Such a holistic approach to understanding wildfire danger has
implications for developing functional assessment tools for fire and land management

decision-making needs that are lacking but urgently needed in emerging fire prone regions.
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Figure S2.1 Annual burned area from 2000-2021 for each region.




Table S2.1 Annual number of PPAs detected using different size and duration thresholds.

3 days 5 days

20000 40000 80000 20000 40000 80000
year km? km? km? km? km? km?
2001 34 32 30 24 22 20
2002 33 33 30 23 20 19
2003 38 32 29 28 27 22
2004 35 34 29 29 23 21
2005 36 33 28 25 22 22
2006 35 34 32 27 26 21
2007 30 30 27 21 19 19
2008 35 33 31 28 26 24
2009 40 36 35 27 26 18
2010 31 31 28 26 26 25
2011 42 38 36 30 26 25
2012 33 30 29 21 21 20
2013 39 34 32 25 23 17
2014 33 30 28 25 24 21
2015 35 30 30 21 19 18
2016 35 35 34 30 29 23
2017 43 40 39 32 30 26
2018 36 37 30 24 22 19
2019 33 30 30 25 24 23
2020 44 39 34 31 28 25
2021 40 36 33 29 28 24

Average 36 34 31 26 24 22




Table $2.2 Comparison of mean and standard deviation (SD) of odds ratios summarised by region and month for
Haldane Correction of 0.5 (HC 0.5) versus Haldane Correction of 2 (HC 2). Haldane Correction of 2 provides a
more conservative odds ratio and reduced estimation bias.

Region Month HCO.5 (mean) HC 0.5 (SD) HC 2 (mean) HC 2 (SD)

Eastern Europe March 2.4 5.2 1.9 3.3
Eastern Europe April 1.0 5.3 0.7 2.7
Eastern Europe May 8.2 10.2 4.0 5.0
Eastern Europe June 4.1 6.8 2.8 5.5
Eastern Europe July 3.5 5.2 3.1 4.0
Eastern Europe August 3.9 7.6 3.1 34
Northern Europe March 14 3.8 0.8 1.9
Northern Europe April 2.9 4.4 1.8 2.1
Northern Europe May 6.8 4.7 3.6 2.2
Northern Europe June 2.6 3.4 1.5 1.5
Northern Europe July 3.6 2.6 1.9 1.1
Northern Europe August 43 6.5 2.1 2.6
Southern Europe March 4.3 7.2 3.2 3.6
Southern Europe April 4.8 6.9 3.0 3.2
Southern Europe May 3.4 6.3 2.1 2.9
Southern Europe June 4.4 7.2 3.6 4.2
Southern Europe July 3.4 6.0 3.7 5.6
Southern Europe August 3.3 4.1 3.5 3.9
Western Europe March 5.2 5.2 3.5 2.4
Western Europe April 2.4 5.9 1.4 2.3
Western Europe May 5.5 9.0 3.3 4.5
Western Europe June 4.1 4.2 2.1 1.8
Western Europe July 3.3 4.6 1.9 2.3

Western Europe August 3.5 5.5 2.8 3.7
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Figure S2.6 Lead-lag relationship between PPA strength and surface anomalies for Southern Europe. Blue line

PPA strength with maximum strength on day 0. Orange line = average surface anomalies for the maximum PPA

strength area 15 days either side of maximum PPA strength.
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Figure S2.8 Odds ratio for likelihood of experiencing extreme fire weather (95 percentile FWI) during a PPA by
country.




Table S2.3 Average odds ratio for the likelihood of experiencing extreme fire weather (95™ percentile FWI) during
a PPA by country and month.

Country Mar Apr May Jun Jul Aug Sep

Albania 0.0 9.6 4.8 4.7 5.7
Austria 0.0 1.8 8.3 33 6.9 6.8 5.2
Belgium 1.0 4.2 3.4 4.1 5.1 3.6
Bulgaria 24.4 0.0 2.8 3.4 8.1 14 5.8
Croatia 0.0 12.8 0.2 2.8 3.1 3.4
Cyprus 0.0 0.0 0.0 0.0 0.0
Czechia 15 15 2.7 4.3 6.8 3.4
Denmark 1.2 9.7 1.7 2.7 2.4 35
Estonia 3.6 2.4 2.2 3.2 6.3 3.6
Finland 0.0 13.7 29 4.5 3.5 6.1
France 0.0 1.9 3.0 2.8 4.5 4.4 33
Germany 5.8 2.4 5.5 4.5 6.0 6.2 5.0
Greece 0.0 0.0 53 11.8 3.8 6.1
Hungary 0.0 0.9 34 1.7 3.0 29 2.2
Iceland 11 1.7 4.0 13 2.1
Ireland 0.0 1.2 1.6 2.2 5.4 1.7 2.2
Italy 0.0 0.9 3.8 2.8 4.9 4.6 3.6
Latvia 9.5 2.4 14 4.8 7.4 5.1
Lithuania 2.8 2.7 1.8 4.4 3.2 3.0
Luxembourg 1.1 2.6 3.3 5.1 6.2 3.6
Montenegro 4.8 3.3 4.1
Netherlands 0.0 3.0 2.3 4.0 6.6 6.1 4.0
North Macedonia 0.0 9.7 5.8 4.3 5.7
Norway 5.8 4.2 8.6 4.8 6.0 4.0 5.7
Poland 1.0 3.7 4.2 4.6 4.7 3.7
Portugal 0.3 0.0 2.0 2.5 3.2 2.2 2.1
Romania 16.5 53 9.3 4.0 3.2 2.5 5.9
Serbia 7.7 9.9 1.1 3.3 4.3 4.6
Slovakia 1.7 2.1 0.6 4.7 4.9 2.8
Slovenia 0.0 1.6 5.1 3.4 5.0 35 3.5
Spain 0.4 4.2 34 2.6 4.2 2.8 3.2
Sweden 2.7 11.4 2.3 4.8 2.5 5.1
Switzerland 1.9 4.6 8.6 4.0 9.9 8.8 6.6

United Kingdom 0.3 1.6 3.1 3.0 5.8 2.2 3.0
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Figure S2.9 Odds ratio for likelihood of wildfires occurring concurrently with PPAs by country.



Table S2.4 Average odds ratio for likelihood of wildfires occurring concurrently with PPAs by country and month.

Country Mar Apr May Jun Jul Aug Sep

Albania 4.1 3.2 5.8 9.1 6.1 2.7 5.2
Austria 1.6 0.0 3.0 1.4 1.5 1.6
Belgium 0.0 14.1 3.6 4.4
Bulgaria 4.3 23 0.0 2.1 6.0 4.1 4.0
Croatia 1.8 3.1 0.0 1.8 2.4 3.0 2.3
Czechia 0.7 0.0 0.0 0.0 0.3
Denmark 1.0 2.5 8.5 2.1 0.8 0.0 3.3
Estonia 0.6 0.9 0.0 0.0 1.6 5.0 1.2
Finland 0.0 1.5 3.0 1.9 14 0.6 1.7
France 4.2 1.8 2.8 1.8 1.7 3.2 2.5
Germany 2.3 0.9 2.5 2.0 1.6 2.5 1.9
Greece 3.3 0.0 4.1 7.4 7.7 3.2 5.3
Hungary 2.6 0.0 2.4 2.3 2.1 2.0
Ireland 3.1 0.8 2.6 1.6 3.2 2.2
Italy 33 3.9 4.6 2.9 2.4 4.5 3.5
Latvia 1.3 1.2 3.4 0.0 2.3 3.2 1.9
Lithuania 0.0 3.6 0.0 4.6 2.6 5.1 2.5
Montenegro 2.6 1.4 0.0 2.8 2.8 3.5 2.2
Netherlands 2.6 2.2 0.0 2.7 1.7
North Macedonia 2.8 2.9 2.2 9.9 4.8 3.0 4.3
Norway 5.0 0.5 4.5 0.7 14 1.9
Poland 0.1 0.0 2.8 2.9 2.5 2.3 1.2
Portugal 1.5 2.7 1.1 33 3.5 3.1 2.6
Romania 2.9 0.5 5.1 5.0 1.8 3.5 2.7
Serbia 7.3 35 1.6 4.3 5.3 3.6 4.7
Slovakia 1.1 0.0 0.0 0.0 24 0.9
Slovenia 6.1 3.7 8.1 6.0
Spain 24 2.8 1.2 2.4 3.2 3.2 2.7
Sweden 0.0 2.7 3.2 1.3 2.0 1.2 2.0
Switzerland 7.0 0.0 0.0 0.0 0.8
United Kingdom 3.5 1.9 4.3 2.8 2.6 1.9 3.0
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Figure S2.10 Percentage of PPA-related burned area by region and month.

Figure S2.11 Percentage of PPA-related burned area by country.
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CHAPTER 3: SUPPLEMENTARY MATERIAL

Weather conditions during sampling days

| collected samples during hot, dry conditions in the spring and summer of 2021. Fig S3.1
shows the sampling day weather conditions (vertical lines) within April, June, and July of a
nearby weather station within North Yorkshire Moors National Park. | aimed to allow the
greatest period of dry days prior to collection, unless logistics or forecast differences
prevented this. No sampling was completed during May as there were no sufficiently dry

windows for sampling.
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Figure S3.1 Time series of daily maximum temperature (degrees Celsius), minimum relative humidity (%) and
accumulated precipitation (mm) for April, June and July from a weather station within the North Yorkshire Moors.
Vertical dashed lines mark the sampling days within these months.

Micrometeorological model selection

| examined relationships between existing fire weather indices and fuel moisture variability
using the Canadian Fire Weather Index System (CFWIS) (Fig S3.2). | calculated the components
of the CFWIS at midday using the micrometeorological data from the weather stations
installed at each pair of sites and initial input values from calculations for a nearby weather

station in the 60 days prior to installation.



Fire weather indices are best correlated with fuel moisture in April, where there is largely a
consistent negative relationship between fuel moisture and index value (i.e., index values are
higher where fuels are drier). With the exception of April, it is difficult to discern consistent
relationships between Canadian Fire Weather Indices and fuel moisture variation within a
landscape. In particular, relationships between fuel moisture and fire weather indices in June
largely indicate the opposite relationship to expected (i.e., increasing index values with
increasing fuel moisture), apart from moss. This is consistent with my finding that landscape
factors are more important drivers of fuel moisture variation in June for all fuel layers except
moss. While the CFWIS is reasonably correlated with fuel moisture for individual fuel layers
(dead Calluna and moss) and seasons (spring), | opted to exclude the CFWIS in favour of the
micrometeorological variables themselves in the linear regression model because of their

improved performance across all fuel layers and seasons.



live canopy

live stems
dead canopy
dead stems
moss

litter

organic layer
live canopy
dead stems
moss

& |live stems

(]
°
= | dead canopy

& |organic layer

o |litter
@

N
=)
e
>
)
°
]
)
®
o
&
=

S
o
5
S
~
S
- §
s
@
&
@
5
s
o
3
&
>
=
3
3

. ffmec

00 -

Cg) dc

=

o
@
@

- dme

e
N

-0.03 -0.32 -0.16 -0.25 -0.41 -0.16 -

’ 0.18 . 031) 0.2 032 026 0.12 -0.25 0.08 0 -
-0.08 -0.29 -0.14 -0.23 044 -0.23 -0. 06 dc . 0 ‘

z
‘ -0.21 0.04 -0.15 -0.26 048 0.3 -0.19 Ist . 0.15 ’ 0.04 038 083 0.23 022 0.04 0.
04 04

0.1 | @89 0.11 083 035 -0.17 -0.01 0.

-3
N
o

o
°
@

o
o
)

-0.03 -0.32 -0.16 -0.25 -0.42 -0.17 -0.22 bui 0.28 (0.26 0.29 0.29 0.18 -0.24 0.06 0.29

02
-0.17 -0.07 -0.16 -0.26 044 -0.27 -0.21 fwi . 0.06 @36 035 0.24 0.17 0.05 0.13
live canopy . -0.37 -0.07 -0.16 @37 0@ -0.06 0 live canopy . . 028 0.19 0.21 -0.28 -0.16 0
live stems ..0,01 004 0 -038 0 s live stems . 0.19 -0.16 0.1 -0.19 0.17 %5
dead canopy ‘ . -0.13 -0.03 -0.1 dead canopy . . 0.1 -0.1 O3
04
dead stems .70.04 002 0 dead stems . 0.08 0.09 0.11
moss . 022 028 08 moss .-o 15 0.12 o6
litter . 0.45 08 litter . 0.13 08

A. April organic layer . 4 B . J u ne organic layer . .

04

0.15 0.21

2 3
g2 o 2 E s
g E § 8 rr
§ & S8 @ 2
o ° 133 w © k=] 8 . &
- = o [ « 3 o o o
E § s 2 ¢ 2 2 8 8 & £ § ,
fime .. 023 . . 0.02 -0.37 B -088 -0.15 02
- @

0o
;
£
:
:
:
:
:
:
o
b4
:

:
:

dc . 004 @ o21| @ o1 oi8 005 @@ @y -Gk 08

isi . . . €47 0.1 -0.02 -0.17 -0.37 -0.13 @3
04
bui .. -0.14 0.25 -0.02 -0:41 -0.09 0.16 0.19

-0.41 0.16 -0.02 -0.27 -0.31 -0.04 @38

live canopy . @ o000 028 @ 020 @ 0

live stems . 0.11 -0.37 0.09 038 0.18 5
-0

dead canopy ‘ 025 000 @ o1

04
dead stems . 0.13 -0.12 -0.09
moss . 025 -0lda 08

litter -0.07

c . J u Iy organic layer .

Figure S3.2 Pearson correlation matrices for components of the Canadian Fire Weather Index System calculated
at midday using micrometeorological data recorded at each site and fuel moisture content collected in A. April,
B. June, and C. July (within rectangle outline). Orange, negative coefficients indicate logical relationship direction.

| examined fuel moisture—micrometeorological relationships across different lag periods and
parameters to derive the best relationships with observed fuel moisture, including: (1)
maximum, (2) minimum, and (3) averages of variables (a) at the time of sampling, (b) lagged
hourly back across the sampling window, and (c) lagged daily up to 1-week prior to sampling.

Linear regression models using average micrometeorological variables on the day of sampling



derived the best performing statistical models for the majority of fuel layers, thereby allowing
simplicity and comparability of model outputs for making general conclusions on spatial fuel
moisture—micrometeorological relationships. All models perform similarly well (maximum
point difference of 0.05) when using meteorological inputs from time of sampling to 5 h prior
averages. The 5 h-averaged micrometeorological model performed the best for the highest
number of different fuel layers, so | opted to use this average to balance the differing response

times of fuel layers into a simple micrometeorological model (Table S3.1).

Table S3.1 R? values from the micrometeorological model showing relationship between fuel moisture and
micrometeorological variables (temperature, relative humidity, vapour pressure deficit, and wind speed) at the
time of sampling (tos) and averaged 1-6 hours prior to the time of sampling for all sample dates combined.

Fuel layer tos 1h 3h 5h 6h

Live canopy 0.68 0.69 0.69 0.71 0.69
Live stems 0.48 0.5 0.49 0.47 0.51
Dead canopy 0.08 0.08 0.1 0.09 0.03
Dead stems 0.08 0.09 0.11 0.12 0.05
Moss 0.54 0.55 0.53 0.5 0.28
Litter 0.31 0.33 0.34 0.34 0.2

Organic layer 0.42 0.42 0.42 0.42 0.42

Landscape linear regression model outputs



Table S3.2 Linear models outputs for each landscape factor and fuel layer. Model intercepts show the overall
sample mean estimate and deviations for each fuel layer within the landscape factor. Intercept estimate indicates
an above (>0%) or below (<0%) average fuel moisture content. The difference between estimates (%) for each
classified landscape factor shows the range of fuel moisture content in measured fuel layers. Statistically
significant differences (p < 0.05) are indicated in bold.

Factor  Fuel layer Landscape April April June June July July
factor Estimate Standard Estimate Standard Estimate Standard
classification (%) error (%) error (%) error
Live Intercept 56.8 1.0 93.1 2.8 114.4 3.2
canopy Coarse 10.1 14 15.3 3.9 18.8 4.6
Fine -3.5 1.3 -13.3 35 -19.8 4.0
Peat -7.2 1.6 0.3 4.4 5.2 5.2
Live Intercept 70.9 0.8 84.7 1.0 85.5 1.6
stems Coarse -6.7 11 4.1 1.4 1.4 2.2
Fine 3.9 0.9 -4.3 1.3 -0.6 2.0
Peat 2.6 1.2 1.2 1.7 -0.9 2.5
Dead Intercept 12.9 0.7 11.8 0.2 13.1 0.6
canopy Coarse -0.9 0.9 0.7 0.3 1.1 0.8
Fine -0.7 0.8 -0.3 0.3 0.2 0.7
° Peat 2.0 1.0 -0.4 0.4 -1.6 0.8
E Dead Intercept 13.6 0.7 12.0 0.5 12.3 0.5
§ stems Coarse -0.8 1.0 1.3 0.7 -1.7 0.8
3 Fine -1.4 0.9 -0.6 0.6 14 0.7
< Peat 3.0 1.2 -0.8 0.7 0.0 0.9
Moss Intercept 56.8 4.5 16.3 0.8 18.0 11
Coarse 13.7 6.4 -0.2 11 4.4 15
Fine -11.8 5.5 -1.2 1.0 -1.9 13
Peat 0.1 7.3 2.0 1.3 -2.5 1.8
Litter Intercept 53.6 3.6 24.1 2.1 31.6 3.4
Coarse 17.4 5.2 -4.7 3.0 17.6 4.9
Fine -12.6 4.4 9.8 2.7 -5.1 43
Peat -3.3 5.6 -8.1 34 -13.9 5.4
Organic Intercept 2715 8.0 171.9 10.9 163.1 9.2
layer Coarse 13.3 11.0 4.0 15.4 -46.6 13.0
Fine 47 10.1 8.5 13.7 28.2 11.5
Peat -22.5 12.9 -16.7 17.6 16.5 14.8
Live Intercept 56.8 1.2 93.1 3.4 114.4 4.2
canopy Building 3.1 1.2 3.9 3.4 4.5 4.2
Mature -3.1 1.2 -3.9 34 -4.5 4.2
Live Intercept 70.8 0.9 84.7 1.2 85.5 1.5
stems Building 0.9 0.9 1.6 1.2 2.3 1.5
Mature -0.9 0.9 -1.6 1.2 -2.3 1.5
Dead Intercept 12.8 0.7 11.8 0.3 129 0.6
& canopy Building -1.1 0.7 -0.4 0.3 -0.4 0.6
% Mature 11 0.7 0.4 0.3 0.4 0.6
=] Dead Intercept 135 0.7 12.0 0.5 12.3 0.5
8 stems Building -3.0 0.7 -0.9 0.5 -1.3 0.5
Mature 3.0 0.7 0.9 0.5 1.3 0.5
Moss Intercept 56.1 4.6 16.2 0.8 18.2 1.2
Building -4.5 4.6 -0.3 0.8 0.4 1.2
Mature 4.5 4.6 0.3 0.8 -04 1.2
Litter Intercept 52.1 3.7 23.8 2.5 31.2 4.0
Building -7.1 3.7 -0.5 2.5 3.4 4.0
Mature 7.1 3.7 0.5 2.5 -34 4.0

Intercept 271.7 8.1 171.9 10.6 163.1 10.5



Organic Building -3.3 8.1 -14.8 10.6 -10.1 10.5
layer Mature 33 8.1 14.8 10.6 10.1 10.5
Factor  Fuel layer Landscape April April June June July July
factor Estimate Standard Estimate Standard Estimate Standard
classification (%) error (%) error (%) error
Live Intercept 56.8 1.2 93.1 3.3 114.4 4.2
canopy North 0.1 1.2 -4.7 3.3 -2.8 4.2
South -0.1 1.2 4.7 33 2.8 4.2
Live stems Intercept 70.9 0.9 84.7 1.1 85.5 1.6
North -2.2 0.9 -1.8 1.1 0.2 1.6
South 2.2 0.9 1.8 1.1 -0.2 1.6
Dead Intercept 13.0 0.7 11.8 0.2 13.0 0.5
canopy North -0.6 0.7 -0.5 0.2 1.1 0.5
South 0.6 0.7 0.5 0.2 -1.1 0.5
S Dead Intercept 13.5 0.7 12.0 0.5 12.2 0.6
2‘ stems North 1.2 0.7 -0.8 0.5 0.4 0.6
South -1.2 0.7 0.8 0.5 -0.4 0.6
Moss Intercept 56.3 4.5 16.2 0.8 18.1 1.2
North 7.5 4.5 -1.8 0.8 0.1 1.2
South -7.5 4.5 1.8 0.8 -0.1 1.2
Litter Intercept 52.3 3.8 23.8 2.5 31.7 3.9
North 0.2 3.8 -1.6 2.5 7.1 3.9
South -0.2 3.8 1.6 2.5 -7.1 3.9
Organic Intercept 271.7 8.0 171.9 10.9 163.1 10.7
layer North 6.3 8.0 -0.8 10.9 2.1 10.7
South -6.3 8.0 0.8 10.9 -2.1 10.7
Live Intercept 56.9 1.2 93.1 34 114.4 43
canopy Low 4.0 1.7 6.0 4.7 2.8 6.1
Medium -2.1 1.7 0.7 4.7 1.6 6.1
High -1.9 1.7 -6.7 4.7 -4.4 6.1
Live stems Intercept 70.8 0.9 84.7 1.1 85.5 1.6
Low -3.3 1.2 -2.8 1.6 -1.3 2.2
Medium 2.3 1.2 2.2 1.6 1.8 2.2
High 1.0 1.2 0.6 1.6 -0.6 2.2
Dead Intercept 13.0 0.7 11.8 0.3 12.6 0.6
canopy Low -0.3 0.9 0.3 0.4 13 0.8
Medium -0.4 0.9 -0.4 0.4 0.2 0.8
High 0.6 1.0 0.2 0.4 -1.5 0.9
o Dead Intercept 13.5 0.7 12.0 0.5 12.2 0.5
g stems Low -0.9 11 13 0.7 2.0 0.7
< Medium 11 1.1 -0.6 0.7 -0.3 0.7
High -0.2 1.0 -0.8 0.7 -1.8 0.8
Moss Intercept 56.3 4.5 16.2 0.8 18.1 1.2
Low -5.3 6.5 1.8 11 0.8 1.7
Medium 11.4 6.4 -0.7 1.2 -0.1 1.7
High -6.1 6.3 -11 1.1 -0.7 1.7
Litter Intercept 51.9 3.8 23.8 2.5 31.5 4.1
Low -2.7 5.8 -1.2 3.7 4.1 6.0
Medium -0.9 5.2 0.4 3.6 1.5 5.7
High 3.6 5.2 0.8 3.6 -5.5 5.7
Organic Intercept 271.4 8.1 171.9 10.9 163.1 10.3
layer Low -7.6 11.8 -7.5 15.5 -25.5 14.6
Medium 8.7 11.2 -6.0 15.5 20.9 14.6
High -1.2 11.5 13.6 15.5 4.6 14.6




Fig S3.3 The following figures show the results of the assumptions testing for the landscape,
micrometeorological, and combined models. The model is described above each plot using the naming
convention: model type_fuel layer_month. Full model = full_model; micrometeorological model = met_model;
landscape model = If_model. The lefthand plot is a Q-Q plot to check for normality. The righthand plot shows the
residual v predicted plots to check for heteroscedasticity.
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Table S3.3. Moran’s | statistic for testing spatial autocorrelation in the landscape, micrometeorological, and combined full linear regression models
p-values (<0.05) are indicated in bold. Number of nearest neighbours = 10 (number of sites included to calculate the weights).

. Significant

z z p.value p.value model model fuel model

Morans.| Expected.| resampling randomisation resampling randomisation type neighbours layer month
-0.052 -0.013 -0.957 -0.976 0.339 0.329 full 10 dead canopy April
-0.097 -0.037 -0.981 -1.008 0.326 0.313 full 10 dead canopy July
-0.096 -0.030 -1.132 -1.142 0.258 0.253 full 10 dead canopy June
-0.019 -0.011 -0.221 -0.225 0.825 0.822 full 10 dead stems April
-0.099 -0.029 -1.186 -1.184 0.236 0.236 full 10 dead stems July
-0.083 -0.029 -0.918 -0.988 0.359 0.323 full 10 dead stems June
-0.027 -0.012 -0.399 -0.401 0.690 0.688 full 10 litter April
-0.095 -0.030 -1.047 -1.052 0.295 0.293 full 10 litter July
-0.092 -0.029 -1.032 -1.080 0.302 0.280 full 10 litter June
0.077 -0.010 2.303 2.315 0.021 0.021 full 10 live canopy April
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-0.038 -0.029 -0.152 -0.151 0.879 0.880 micromet 10 live canopy June

0.059 -0.010 1.837 1.849 0.066 0.064 micromet 10 live stems April
0.003 -0.029 0.539 0.542 0.590 0.588 micromet 10 live stems July
-0.063 -0.029 -0.581 -0.578 0.561 0.563 micromet 10 live stems June
0.170 -0.010 4.717 4.799 2.4E-06 1.6E-06 micromet 10 moss April
0.000 -0.032 0.527 0.527 0.598 0.598 micromet 10 moss July
-0.017 -0.029 0.198 0.288 0.843 0.773 micromet 10 moss June
0.211 -0.015 5.139 5.157 2.8E-07 2.5E-07 micromet 10 organic layer April
0.214 -0.029 4.086 4.154 4.4E-05 3.3E-05 micromet 10 organic layer July
-0.090 -0.029 -1.028 -1.021 0.304 0.307 micromet 10 organic layer June

Table S3.4. Moran’s | statistic for testing spatial autocorrelation in the landscape, micrometeorological, and combined full linear regression models. Significant
p-values (<0.05) are indicated in bold. Number of nearest neighbours = 5 (number of sites included to calculate the weights)

z z p.value p.value model model fuel mode
Morans.| Expected.| resampling randomisation resampling randomisation type neighbours layer | month
-0.089 -0.013 -1.267 -1.293 0.205 0.196 full 5 dead canopy April
-0.184 -0.037 -1.486 -1.528 0.137 0.127 full 5 dead canopy July
-0.190 -0.030 -1.765 -1.782 0.078 0.075 full 5 dead canopy June
0.005 -0.011 0.288 0.293 0.773 0.770 full 5 dead stems April
-0.198 -0.029 -1.884 -1.882 0.060 0.060 full 5 dead stems July
-0.133 -0.029 -1.180 -1.271 0.238 0.204 full 5 dead stems June
-0.002 -0.012 0.151 0.152 0.880 0.879 full 5 litter April
-0.074 -0.030 -0.489 -0.491 0.625 0.623 full 5 litter July
-0.118 -0.029 -0.999 -1.046 0.318 0.296 full 5 litter June
0.127 -0.010 2.384 2.396 0.017 0.017 full 5 live canopy April
-0.094 -0.029 -0.734 -0.731 0.463 0.465 full 5 live canopy July
-0.092 -0.029 -0.716 -0.715 0.474 0.474 full 5 live canopy June
-0.083 -0.010 -1.265 -1.275 0.206 0.202 full 5 live stems April
-0.102 -0.029 -0.831 -0.837 0.406 0.403 full 5 live stems July
-0.173 -0.029 -1.632 -1.631 0.103 0.103 full 5 live stems June
-0.036 -0.010 -0.458 -0.467 0.647 0.641 full 5 moss April
-0.145 -0.032 -1.203 -1.205 0.229 0.228 full 5 moss July
-0.061 -0.029 -0.351 -0.422 0.725 0.673 full 5 moss June
0.164 -0.015 2.634 2.647 0.008 0.008 full 5 organic layer April
-0.033 -0.029 -0.046 -0.046 0.963 0.963 full 5 organic layer July
-0.120 -0.029 -1.028 -1.017 0.304 0.309 full 5 organic layer June
-0.101 -0.013 -1.473 -1.493 0.141 0.135 landscape 5 dead canopy April
-0.118 -0.037 -0.817 -0.836 0.414 0.403 landscape 5 dead canopy July
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Table $3.5. Moran’s | statistic for testing spatial autocorrelation in the landscape, micrometeorological, and combined full linear regression models. Significant
p-values (<0.05) are indicated in bold. Number of nearest neighbours = 2 (number of sites included to calculate the weights).

z z p.value p.value model model fuel model

Morans.| Expected.| resampling randomisation resampling randomisation  type neighbours layer month
-0.038 -0.013 -0.259 -0.264 0.796 0.792 full 2 dead canopy April
-0.330 -0.037 -1.779 -1.830 0.075 0.067 full 2 dead canopy July
-0.405 -0.030 -2.465 -2.489 0.014 0.013 full 2 dead canopy June
0.141 -0.011 1.714 1.740 0.087 0.082 full 2 dead stems April
-0.386 -0.029 -2.374 -2.372 0.018 0.018 full 2 dead stems July
-0.337 -0.029 -2.052 -2.213 0.040 0.027 full 2 dead stems June
0.099 -0.012 1.147 1.153 0.251 0.249 full 2 litter April
0.009 -0.030 0.249 0.250 0.803 0.802 full 2 litter July
-0.136 -0.029 -0.693 -0.726 0.488 0.468 full 2 litter June
0.208 -0.010 2.314 2.326 0.021 0.020 full 2 live canopy April
0.162 -0.029 1.269 1.263 0.205 0.206 full 2 live canopy July
-0.231 -0.029 -1.349 -1.349 0.177 0.177 full 2 live canopy June
-0.105 -0.010 -1.006 -1.014 0.314 0.311 full 2 live stems April
-0.050 -0.029 -0.142 -0.143 0.887 0.886 full 2 live stems July
-0.273 -0.029 -1.626 -1.625 0.104 0.104 full 2 live stems June
0.103 -0.010 1.245 1.269 0.213 0.204 full 2 moss April
-0.079 -0.032 -0.290 -0.291 0.772 0.771 full 2 moss July
-0.198 -0.029 -1.109 -1.337 0.268 0.181 full 2 moss June
0.582 -0.015 5.975 6.006 2E-09 0.000 full 2 organic layer April
0.045 -0.029 0.493 0.497 0.622 0.619 full 2 organic layer July
-0.172 -0.029 -0.955 -0.945 0.340 0.345 full 2 organic layer June
-0.043 -0.013 -0.303 -0.307 0.762 0.759 landscape 2 dead canopy April
-0.102 -0.037 -0.395 -0.404 0.693 0.686 landscape 2 dead canopy July
-0.220 -0.030 -1.248 -1.249 0.212 0.212 landscape 2 dead canopy June
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CHAPTER 4: SUPPLEMENTARY MATERIAL
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Figure S4.1. Cross-landscape predicted rate of spread (m/min) variation from observed fuel moisture content inputs for five days during the spring and summer of 2021.



Table S4.1. Kruskall-Wallis (KW) test for differences in predicted rate of spread between different fuel layer fuel moisture inputs for each of the five dates. P < 0.05
differences are indicated in bold. Table S2 examines specific fuel layer differences for significant Kruskal-Wallis outcomes.

fuel layer date KW chi-squared p-value
Live 15/04/2021 38.134 0.000
Live 18/04/2021 25.827 0.000
Live 23/04/2021 18.928 0.000
Live 13/06/2021 5.127 0.077
Live 22/07/2021 37.089 0.000
Dead 15/04/2021 0.269 0.874
Dead 18/04/2021 0.629 0.730
Dead 23/04/2021 0.015 0.993
Dead 13/06/2021 0.063 0.969
Dead 22/07/2021 1.908 0.385
Predicted dead 23/04/2021 6.546 0.038
Predicted dead 22/07/2021 0.756 0.685

Table S4.2. Wilcoxon rank sum test pairwise comparisons for differences in predicted rate of spread calculated using different fuel layer fuel moisture content inputs.
Statistically significant differences (p < 0.05) are indicated in bold.

Pairwise fuel layers 15/04/2021  18/04/2021  23/04/2021 13/06/2021 22/07/2021
Live combined X live canopy 0.001 0.013 0.016 0.357 0.0025

Live combined X live stems 0.000 0.000 0.006 0.289 0.000

Live stems X live canopy 0.000 0.000 0.000 0.089 0.000

Dead combined X Fosberg dead shaded - - 0.270 - 0.570

Dead combined X Fosberg dead unshaded - - 0.000 - 0.000

Fosberg dead unshaded X Fosberg dead shaded - - 0.000 - 0.000




Table S4.3. Spearman Rank correlation coefficients for dead fuel moisture content predicted using the shaded and unshaded versions of Fosberg’s model and observed
combined dead fuel moisture content (average of canopy and stems for each site) on 23/04/2021. Significant correlations (p < 0.01) are indicated in bold.

Fosberg dead unshaded  Fosberg dead shaded  Dead combined fmc

Fosberg dead unshaded  1.000 0.880 -0.070
Fosberg dead shaded 0.880 1.000 0.010
Dead combined fmc -0.070 0.010 1.000

Table S4.4. Spearman Rank correlation coefficients for dead fuel moisture content predicted using the shaded and unshaded versions of Fosberg’s model and observed
combined dead fuel moisture content (average of canopy and stems for each site) on the 22/07/2021. Significant correlations (p < 0.01) are indicated in bold.

Fosberg dead unshaded  Fosberg dead shaded  Dead combined fmc

Fosberg dead unshaded  1.000 0.980 0.460
Fosberg dead shaded 0.980 1.000 0.480
1.000

Dead combined fmc 0.460 0.480




CHAPTER 5: SUPPLEMENTARY MATERIAL

Field Course Sampling Protocol

Sampling strategy adapted from Norum and Miller (1984)

1. Equipment

- 2 pairs secateurs (one for cutting dead material, one for cutting live material)
- Aluminium, rust proof sampling containers with tight-fitting screw lids

- Masking tape for sealing tins

- Pen/clipboard/recording sheets

- Gardening gloves

2. Calluna vulgaris sampling strategy

Samples will be collected from the following fuel layers:

Live canopy

Live stems (<2 mm diameter)
Dead canopy

Dead stems (<2 mm diameter)
Moss layer (top 2 cm)

A T o

Litter layer (top 2 cm)

2.1 Set out a 25 m transect covering a representative area of the site. Starting with the

live Calluna, walk along the transect taking the same size sample from each plant,
collecting sprigs from approximately 10 plants (Figure S1). Clip the sprigs into small
one-inch segments, separating the top shoots and canopy into one tin and the
lower canopy and stems into another. Aim to take the same approximate mass for
each sample of the same material and fill the tin % full.
Nb. Live heather may look brown or grey early in spring. If you are unsure if it is live
heather or dead bend the stem. Dead heather stems should easily break and be
brown inside. Live heather stems will bend and be harder to break. The inside of the
stem will be green.

2.2 Repeat step 1 but for dead heather plants.

Nb. You may find completely dead plants, sections of dead heather or sprigs that
have been pulled out from grazing sheep.



3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

3.9

2.3 In the same haphazard manner, collect moss along the transect by grasping the
top 2 cm of moss and pulling it up from the moss layer. Clip off the highly
decomposed dark brown moss from the base of the layer.

2.4 Collect litter in the same manner underneath Calluna plants, grasping the top 2
cm of litter above the organic soil layer.

2.5 As soon as you have collected the material for one tin, replace the lid tightly and
seal it with masking tape.

2.6 Record the following details on your sampling sheet: the tin number for each fuel
layer, sampling time, date and sampler name.

3. Laboratory protocol

Preheat drying oven to 80 °C.
Remove masking tape from tin lid, ensure no tape or debris is stuck to the tin.

Weigh sample, with the lid still on, to 3 dp and record this as the wet weight. Repeat for all
samples.

Remove the lid and place it under the tin as you put the sample in the drying oven. Space
the samples evenly in the oven so air can circulate.

Record the date and time the samples were put in the oven.
Dry samples for at least 48 hours at 80 °C.

Remove samples from the oven in batches, quickly replacing the lid tightly as each tin is
removed to prevent absorption of moisture. Close the oven door in between batches.

Allow the tins to cool to room temperature before weighing them and record the dry
weight (following step 3).

Calculate fuel moisture content (%) as mass of water as a percentage of the mass of the
dried sample (Equation 1).

(sample wet weight — sample dry weight)

Fuel moisture content = * 100 [Eq.1]

(sample dry weight — container tare weight)



Live stems , ,
(and lower canopy) _ 10 sprigs

Figure S5.1 (a) Identifying live canopy material from live stems (and grey lower canopy material). (b) Collecting

10 sprigs as per step 2.1.
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Figure S5.2 Measurement variability in fuel moisture content measurements for each fuel layer hourly from
10:00 to 18:00. Each y-axis is scaled independently to clearly visualise within-fuel layer measurement variability.
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