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Abstract

As major natural hazards, wildfires pose a significant risk to many parts of the world. The
occurrence of extensive fires in both hemispheres in recent years has raised important
questions about the extent to which the changing nature of such incidents can be attributed to
human-induced climate change. Offering reliable answers to these questions is essential for
communicating risk and increasing resilience to major wildfires. While attribution of extreme
events to anthropogenic climate change has developed into an important subfield of climate
science, wildfires have received less attention compared to other heat-related extremes such
as heatwaves and drought. This is primarily due to the scarcity of the observational datasets
and the absence of a widely agreed-upon and effective methodological framework for wildfire
attribution.

Here, a globally applicable framework is developed to better understand and quantify how
wildfire risk is responding to a changing climate. The framework is based on an empirical-
statistical methodology, facilitating its application to ’fire weather’ extremes from both
observational records and the latest generation of global climate model ensembles. Particular
attention is given to the sensitivity of the eventual findings to the spatial scale of the event,
the chosen event definition and the climate model(s) used in the analysis.

As part of a global analysis, a series of maps are constructed detailing the change in
likelihood of fire weather extremes, defined by both intensity and duration, throughout
the world’s fire-prone regions as a result of rising global temperatures. Both observation-
and model-based analyses reveal an increase in likelihood of at least twofold across many
parts of the world, with considerable regional and inter-model variation. The value of the
framework is demonstrated by combining results from a series of case studies of recent
high-impact wildfires that differ by scale, duration and location. The conclusions drawn from
this work provide a platform to guide future attribution analysis of fire weather events, and
facilitate reliable recommendations for responding to the hazards associated with wildfires

and enhancing resilience in the face of climate change.
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Chapter 1

Introduction

1.1 Background

Wildfires constitute a major natural hazard and pose huge risk to many regions of the world,
including serious damages to the environment, wildlife, human health and infrastructure
(National Geographic Society, 2022; Sullivan et al., 2022; World Health Organization, 2023).
The series of large fires across the globe in recent decades led to inevitable questions about
how human-induced climate change may be altering the character of such events (National
Academies of Sciences, Engineering, and Medicine, 2016). Providing answers to these
questions is a crucial step in improving resilience to major wildfires.

Long-term projections produced by state-of-the-art climate models, even reliable, are
not always a suitable means of communicating risk. The link between a warming world and
heat-related extremes (e.g., heatwaves and droughts) is reasonably well-understood. However,
wildfires have been largely ignored by attribution studies to date. To assess past, present,
and future risks in wildfire activities associated with climate change, the development of a

seamless, globally applicable framework for wildfires becomes essential.

1.2 Climate change and extreme events

Climate change refers to a global shift in climate, persisting for an undetermined period
and driving regional impacts on land and oceans, as a result of human-induced changes
in atmospheric concentration of greenhouse gases (Field et al., 2012). From the 1970s,
climate change has become one of the most critical topics in global environmental debate

(Jackson, 2007). Recent publications from the Intergovernmental Panel on Climate Change



2 Chapter 1

(IPCC) emphasise the continuous significant impacts of climate change, including rising
global temperatures and sea levels, the loss of ice volume and changes in global precipitation
patterns (IPCC, 2021, 2022a,b, 2023). Similarly, there is a growing interest in quantifying
how climate change affects regional climate and extremes (Figure 1.1; Ara Begum et al.,
2022). Therefore, there is an urgent need to equitably explore the potential role of climate
changes and its regional impacts throughout the world.

This item has been removed due to 3rd Party Copyright. The unabridged version of the thesis
can be found in the Lanchester Library, Coventry University.

Figure 1.1: Global density map of the climate impacts evidence from 77,785 studies (Ara Be-
gum et al., 2022).

Extreme weather events constitute one of the most significant impacts of climate change.
From the early 1990s, the IPCC suggested that human activities contributed to climate change
in the form of a significant global temperature increase and, consequently, to the nature of
high-impact events, such as heat waves, heavy rainfall, and drought (IPCC, 2014; National
Academies of Sciences, Engineering, and Medicine, 2016; IPCC, 2023). Such changes
affecting climate-related extremes have aggravated the vulnerability of natural and human
systems around the world (Ara Begum et al., 2022). Understanding how climate change has
affected the nature of such events, is therefore of crucial importance due to their significant
impacts on human society and ecosystems across the world (Stott et al., 2016; National
Academies of Sciences, Engineering, and Medicine, 2016).

Given the unprecedented increase in both the frequency and magnitude of extreme
events, and their devasting impacts on natural and human systems, seeking to understand the
contribution of anthropogenic climate change to extreme events has become a keen focus
within climate science (Seneviratne et al., 2012; Field et al., 2012; National Academies
of Sciences, Engineering, and Medicine, 2016; Otto et al., 2016; Philip et al., 2020; van
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Oldenborgh et al., 2021a). In 2012, the IPCC issued a Special Report titled “Managing the
risks of extreme events and disasters to advance climate change adaptation” (Field et al.,
2012). As shown in Figure 1.2, the Report illustrated three broad cases, in which a changing
climate is linked to corresponding changes in extremes (Lavell et al., 2012). In case 1 (Figure
1.2a), the distribution of day-to-day weather shifts toward a warming climate, resulting in less
cold weather, more hot weather and, crucially, an increase in the likelihood of extreme heat
events. In case 2 (Figure 1.2b), the change in temperature variability leads to an increased
likelihood of both hot and cold extremes alongside a decrease in the likelihood of mid-range
temperatures. Case 3 (Figure 1.2c) shows an altered shape of the distribution resulting in the
same probability in the mean, but with asymmetric change in the likelihood of each extreme.
These simple cases demonstrate the close connection between various manifestations of
climate change and the corresponding alterations of probabilities in extremes, drawing out
the potential challenges in terms of the complexity and variability of the research.

While long-term climate change is often presented in an abstract, gradual, and complex
way, extreme weather events tend to happen abruptly, and their impacts are immediately felt.
In this sense, extremes are a tangible way in which people experience climate change (Howe
et al., 2014; National Academies of Sciences, Engineering, and Medicine, 2016). As the
most easily perceived extremes of climate change, extreme heat or precipitation often bring
tremendous impacts on human society, economy, and ecosystems (National Academies of
Sciences, Engineering, and Medicine, 2016; Zhai et al., 2018). Xu et al. (2020) recently
suggested that one-third of the global population will face extreme heat (over 29 °C of a
mean annual temperature compared with ~11 to 15 °C, currently) by 2070. Therefore, with
the increasing challenges posed by the anomalous growth of such extreme phenomena, the
scientific community emphasises the need to identify changes in extreme phenomena in
terms of understanding their relationship with human activities in order to facilitate further
research in this field (Herring et al., 2022).

During the last decade, the scientific community has taken action to explore the extent
to which the nature of extreme weather has been altered by anthropogenic climate change.
So-called attribution studies seek to quantify the role played by anthropogenic activities, or
simply by a warming world, on the characteristics of extremes, including their frequency,
magnitude, spatial extent, and seasonal timing. Attribution studies have provided an unprece-
dented pathway for scientists to draw clear linkages between climate change and specific
extreme events in a manner that is accessible to public and media interest (Trenberth et al.,

2015; National Academies of Sciences, Engineering, and Medicine, 2016).
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This item has been removed due to 3rd Party Copyright. The unabridged
version of the thesis can be found in the Lanchester Library, Coventry
University.

Figure 1.2: The probability of specified events by a giving temperature distribution and its
changes under three cases (Lavell et al., 2012). The probability density function with solid
lines denotes the original distribution while the dashed lines represent the alterations under
climate change conditions.
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1.3 Wildfires around the world

Wildfires are uncontrolled and often spread rapidly causing destructive damages over wood-
land or bush (National Geographic Society, 2022). The United Nations Environment Pro-
gramme (UNEP) recently reported on global fire distribution and increasing prevalence in
many parts of the world (Sullivan et al., 2022). Figure 1.3 shows the geographical distribution
of the annual average number of fires per square kilometer, highlighting that fires occur in
almost every regional of the world that features burnable vegetation (Sullivan et al., 2022).
Figure 1.4 details the prevalence of fire activity during a recent five-year period (2014-2019)
with respect to a longer period (2001-2019) (Sullivan et al., 2022). Over the past decade, there
have been exceptionally more wildfires from Australia to Canada, the United States to China,
across Europe and the Amazon (Sullivan et al., 2022). Even in high latitudes, including
beyond the Arctic Circle in areas that are not normally prone to large wildfires, record fires
have been experienced in recent years (Sullivan et al., 2022). In the United States alone,
wildfires accounted for around $14.7 billion in damage between 2021 and 2022, with four
of the top 20 largest California wildfire events occurring in 2021 with the reference period
of 1932 to 2022 (CAL Fire, 2022; NOAA National Centers for Environmental Information,
2023). In addition to ecosystem degradation, the direct environmental impacts of wildfires
include air and water pollution, which are associated with significant societal consequences.
For instance, a recent study from the US evidenced that more than 19,700 cases of COVID-19
and 748 deaths were attributable to the increased PMj 5 burning from wildfires (Zhou et al.,
2021).

This item has been removed due to 3rd Party Copyright. The unabridged version of the
thesis can be found in the Lanchester Library, Coventry University.

Figure 1.3: The annual concentration of all vegetation fires (landscape fires and wildfires)
observed per square kilometre (km?) for the period 20002020 (Sullivan et al., 2022).
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This item has been removed due to 3rd Party Copyright. The unabridged version of the
thesis can be found in the Lanchester Library, Coventry University.

Figure 1.4: The prevalence of global wildfire activity in 2014-2019, calculated as a normalised
difference in annual average burnt area (with respect to 2001-2019) (Sullivan et al., 2022).

The occurrence of large fire events across both hemispheres has led to inevitable questions
about the extent to which climate change may be altering the frequency of such extreme
events. Although wildfires cannot be explicitly defined as meteorological events, their
generating and developing mechanisms are influenced significantly by climate, in particular
temperature, wind speed and humidity for fire spread, and rainfall for fire suppression
(National Academies of Sciences, Engineering, and Medicine, 2016). Wildfires constitute a
major pervasive natural hazard and pose huge risks to many regions of the world not only
in the past and current climate but also in the future. Using a global climate and fire model
(Frieler et al., 2017), global change in wildfire events were projected to increase by 31%
to 57% by the end of the 21% century (Figure 1.5; Sullivan et al., 2022). Such a dramatic
increase in global wildfire activity is likely to put enormous pressure on the balance between
biodiversity and the climate system in the following several decades (Krawchuk et al., 2009;
Flannigan et al., 2009; Jolly et al., 2015; Sullivan et al., 2022).

1.4 Detection and attribution of climate change

Even when reliable, long-term projections produced by state-of-the-art climate models are
not always a suitable means of communicating risk (Schewe et al., 2019). Methodologies
to attribute trends in meteorological phenomena associated with high-impact events to
anthropogenic climate change have the potential to better communicate risk and guide

adaptation strategies (Clarke et al., 2022).
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This item has been removed due to 3rd Party Copyright. The unabridged version of the
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Figure 1.5: The likelihoods of catastrophic wildfire events all over the world shown significant
increases by the end of the century (Sullivan et al., 2022).

During the early definition of climate change from the United Nations Framework
Convention on Climate Change (United Nations, 1992), climate change was first defined
as a change of climate that is attributed directly or indirectly to human activity, altering
the biogeochemical composition of the atmosphere at the global scale and cumulating its
impact to natural climate variability on comparable time periods. The field of detection and
attribution is, therefore, universally acknowledged as the main approach to assess whether
climate risks have become more or less likely in the face of anthropogenic climate change or
not (Knutson et al., 2017).

The report “Attribution of Extreme Weather Events in the Context of Climate Change”
published by National Academies of Sciences, Engineering, and Medicine (2016) gave
a general overview, aided by a widely-cited schematic depiction (Figure 1.6), of a wide
range of extreme events, comparing the knowledge of the effect of climate change with the
confidence in attributing each event type to anthropogenic climate change. This comparison
illustrates a particularly high degree of confidence in both understanding and attributing
temperature-related extreme events, such as heat waves and cold waves. There is medium
confidence in attributing drought, extreme rainfall and extreme snow and ice due, in part to
the uncertainties in regional variability of the response of precipitation to climate change.
However, there are several types of events, including severe convective storms, cyclones and,
crucially for this thesis, wildfires, that are hitherto poorly understood. These event types are
rarely studied given the restrictions of records, resolution of simulations, and the complex
combination of dynamic mechanisms involved in their formation.

Event attribution remains an evolving subfield of climate science, and continues to de-
velop in the face of methodological, philosophical and practical challenges. Most recently,
World Weather Attribution (World Weather Attribution, 2023), has sought to provide rapid
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attribution responses to extreme events, not only to provide answers to growing questions
about the role of climate change (e.g., Sippel et al., 2015), but also to publicise the "immedi-
acy" of climate risk while such answers are most in demand in the aftermath of a high-impact
event. Responding in such a timely manner has the potential to support mitigation strategies

(e.g., Wallace, 2012) and increase resilience to high-impact events.

Figure 1.6: The depiction from National Academies of Sciences, Engineering, and Medicine
(2016) to assess the state of attributing types of extreme events. The horizontal axis represents
the understanding level of the effect of climate change on the event type from low to high.
The vertical axis reflects the scientific confidence in capabilities for attribution specific
events to human-induced climate change. Positions below the diagonal dashed line show
the potential improvements in attribution capability via technical aspects (e.g., for instance,
modelling and data).
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1.5 Attribution study of extreme fire weather events

While the link between a warming world and heat-related extremes (e.g., heatwaves and
droughts) is reasonably well-understood, there have been relatively few event attribution
studies that have dealt specifically with wildfires (National Academies of Sciences, Engineer-
ing, and Medicine, 2016). In a summary compiled by Carbon Brief (2023), only 14 of 421
attribution studies published between 2004 and 2022 focused on wildfires (Figure 1.7). It
is also notable that the figure is not completed, for instance, Li et al. (2021) is not included
though it refers to the attribution study of wildfire-prone weather conditions in the Cerrado
and Arc of deforestation. Wildfires are not, strictly-speaking, a meteorological event and
while their prevalence is heavily linked to climate, it is troublesome to disentangle human and
natural roles in fire ignition and spread. The relative paucity of wildfire attribution studies,
coupled with limited observational records, makes it difficult to draw solid and collective
conclusions to better inform forest and wildland management strategies (National Academies

of Sciences, Engineering, and Medicine, 2016).

Figure 1.7: Worldwide distribution of 421 attribution studies of different types of extreme
weather and climate events published between 2004 and 2022. The 14 attribution studies
focused on wildfires are outlined in black (adapted from Carbon Brief, 2023).
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From a meteorological perspective, it is often preferable to define an event with respect
to ‘fire weather’, the warm, dry and windy conditions that are conducive to fire ignition and
spread. Such a definition has been the subject of several attribution stuides in recent years
(Kirchmeier-Young et al., 2019b; Krikken et al., 2021; Barbero et al., 2020; Lewis et al.,
2020; van Oldenborgh et al., 2021a). Fire weather is generally represented by a series of
fire danger indicators calculated on the basis of several meteorological variables, mainly
temperature, precipitation, relative humidity and wind speed. Even though the mechanisms
of wildfire ignition (particularly the contribution from lightning; Dowdy and Mills, 2012)
and spread remain unclear (National Academies of Sciences, Engineering, and Medicine,
2016), an alternative focus on demonstrating changes in fire weather risk is universally
acknowledged in wildfire attribution studies.

Outside of a handful of studies, attribution of wildfires, or alternatively extreme fire
weather, has yet to match the pace of other studies focusing on other thermodynamic extremes.
Outside western North America and Australia, few fire-prone regions of the world have
received much attention from the attribution community (Figure 1.7). In the case of southern
Europe, eastern North America and northern Eurasia, this is particularly surprising given the
prominence of wildfire outbreaks in recent years in these regions and the limited number of
studies to date addressing global wildfires (or say fire weather extremes) to date (Jain et al.,
2022). Notably, very few systematic global attribution analyses have been conducted for
wildfires (or otherwise fire weather extremes) to date (Jain et al., 2022).

The pursuit of robust, reliable wildfire attribution thus faces many challenges. Some
of these, such as inter-study differences that emerge due to the choice of methodology and
event definition, are common to many attribution studies (Philip et al., 2020; van Oldenborgh
et al., 2021b). For fire weather attribution in particular, the lack of consensus on how fire
danger should be defined in a meteorological context presents a crucial challenge. The lack
of continuous observational records for wildfires is also a key limitation, while uncertainties
about the most appropriate climate model(s) to use also limits the development of such studies,
in addition to the accuracy and resolution of their results (National Academies of Sciences,
Engineering, and Medicine, 2016). Empirical-statistical probabilistic methodologies have
been widely applied to attribute other meteorological extremes by quantifying the changes
in frequency and/or magnitude as a result of anthropogenic climate change or, otherwise,
long-term changes in global mean temperature (Field et al., 2012; cf. Chapter 2, section 2.4).
There is great potential for fire weather, as a construct of several meteorological variables, to

be the target of a probabilistic framework for event attribution.
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1.6 Aim and objectives

To summarise the introduction and background provided earlier in Chapter 1, this PhD
project is motivated by three themes: (a) the increasing prevalence and impact of severe
wildfires in many parts of the world; (b) the relative paucity of wildfire, or otherwise fire
weather, attribution studies and, consequently, the uncertainties associated with conducting
such studies; (c) the potential of empirical-statistical methods to provide robust conclusions
when applied to data from both observations and the latest generation of climate models. The
overarching aim of this work is thus to develop a globally applicable empirical-statistical
framework to better understand and quantify the changing nature of wildfire risk in the face
of a changing climate. To achieve this aim, three Research Questions are posed followed by
a series of related objectives, with the corresponding approach applied for achieving each

task outlined below.

Research Question 1: To what extent can observed worldwide changes in extreme fire

weather during recent decades be linked to warming global temperatures?

Objective 1.1: To develop and apply a global approach for extreme fire weather
attribution upon which future studies can build. Despite the rapid development
of attribution methodologies for extreme events in the last decade, studies dedicated
explicitly to wildfire, or otherwise extreme ‘fire weather’, are still relatively few and
generally limited to a handful of regions around the word. There is a lack of consensus
on how to define and attribute fire risk in a meteorological context. Here, a probabilistic
framework is proposed that draws on existing protocols applied to attribution analyses
of other extreme event types. This involves the simultaneous attribution of multiple

extreme fire weather episodes using an empirical-statistical methodology.

Objective 1.2: To evaluate the uncertainty concerning the choice of fire weather
indicators and metrics in linking regional trends in observed fire weather extremes
to globally warming temperatures. Using observational data, the influence of recent
global warming on the frequency and magnitude of fire weather extremes is quantified
according to a common spatiotemporal definition, which also benefits the further applica-
tion to climate model ensembles. Using a series of fire weather indices, the applicability,
sensibility and uncertainties associated with the selection of indices and metrics are

evaluated to better understand the capacity to represent fire weather risks all over the
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world’s fire-prone regions.

Research Question 2: What do state-of-the-art global climate models reveal about

the extent to which extreme fire weather across the world has been altered as a result of

anthropogenic climate change?

Objective 2.1: To evaluate the performance of the latest generation of global climate
models in representing extreme fire weather. It is important to evaluate the applicabil-
ity of each model since significant differences exist between climate models, especially
for different variables where the output results can be considerably varied. Therefore,
in attribution studies, model-to-real-world comparison of parameters estimated from
the extreme value distribution can be applied to assess the capacity of climate model
simulations. However, often restricted by the limited number of years available for ob-
servational data, the assessment of differences based on the parameters between models
and real-world data is also subject to large uncertainties and is generally considered
challenging (Philip et al., 2020; van Oldenborgh et al., 2021b).

Objective 2.2: To estimate the changes in extreme fire weather using multiple large
ensembles from the latest generation of climate models. Using historical scenarios
from the latest generation of climate models that provide longer-term time series, we use
multiple large ensembles to produce maps representing changes in the probability ratio
of the intensity and duration of extreme fire weather intensity and duration in response
to externally forced rising global temperatures. Climate model large ensembles (>10
realisations, or ensemble members, of climate) indeed enable a more robust estimation of
externally forced signal (e.g., global warming temperature), via extracting the ensemble
means, and reduce the influence of internal/natural climate variations in the climate

system, and in the probabilistic attribution studies.

Objective 2.3: To facilitate and simplify communications from climate change
modelling studies, while dealing with large uncertainties. Evaluations and selections
of models in strong performance based on Objective 2.2 is beneficial to account for the
impact of internal (natural) climate variations affecting climatic mean-state on regional
and decadal scales, therefore generating the global synthesis plots with a holistic sum-
mary, supporting and informing decision-makers and practitioners in an intuitive way,

while also reducing the internal uncertainties of the climate models.
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Research Question 3: How is climate change altering the risk associated with recent

episodes of high-impact fire weather?

Objective 3.1: To conduct attribution analysis on a series of extreme fire weather
case studies in different parts of the world. A series of attribution case studies target
recent high-impact wildfires driven by one or more episodes of extreme fire weather.
The case studies follow the approach initially set out in Objective 1.1, along with the
conclusions and recommendations drawn from Objectives 1.2, 2.1 and 2.2, in order to

demonstrate the applicability of the empirical-statistical framework to real world events.

Objective 3.2: To explore the potential for collective attribution of multiple extreme
fire weather events. To date, the relative paucity of wildfire attribution studies, cou-
pled with limited observational records, makes it difficult to draw solid and collective
conclusions to better inform risk assessment and adaptation strategies. The inter-study
differences that emerge due to the choice of methodology and event definition are
common to many attribution studies; for wildfire attribution in particular, the lack of
consensus on how fire danger should be defined in a meteorological context presents an

additional challenge.

1.7 Structure of thesis

Following the introduction given in Chapter 1, this thesis contains five further chapters. In
Chapter 2, wildfire events associated with human-induced climate change will be reviewed
from perspectives of the driving mechanism, historical trends and current occurrence, ap-
proaches of framing and assessing in a climatic aspect and the potential attempts in the future.
This part of the literature review encompasses the development of attribution studies on
extreme weather events in the context of climate change over the last two decades, most im-
portantly detailing the probabilistic framework and advanced statistical methods in attribution
studies and illustrating the potential applicability of this approach to fire weather extremes.
The following three chapters (Chapters 3-5) constitute the empirical component of the thesis
and contains materal that has either been published in (Chapter 3 and sections 5.1 and 5.2
of Chapter 5), submitted to (Chapter 4), or in preparation for submission to (section 5.3 of
Chapter 5) peer-reviewed journals. Chapter 3 demonstrates the observed global trends in fire
weather risks using reanalysis data, with the exploration of uncertainties on the choice of fire

weather indicators and the attribution of recent exceptional fire weather events, based on the
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probabilistic framework conducted at the beginning. In Chapter 4, a series of large-ensemble
climate models with long-term time series are evaluated and selected to attribute the current
fire weather risks associated with the external forced warming temperature anomalies in both
intensity and duration, with an additional step to generate a global synthesis plot. Chapter

S draws together analyses of three independent case studies of wildfires associated with

Figure 1.8: Schematic diagram of the research questions and objectives, including datasets
and result chapters.
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extreme fire weather to understand and quantify the past, present and future risk associated
with a changing climate. In Chapter 6, all the findings are summarised in relation to the
questions and objectives stated in section 1.6. Further discussions and recommendations with

potential limitations and improvements are concluded for future developments.






Chapter 2

Literature Review

2.1 Linking fire weather and fire risks in the context of

climate change

Early studies of wildfires often concentrated on assessing burning areas and severities of
burning as basic statistical analyses. With recent progress in research, the issue of identifying
and analysing the risk of wildfires quantitatively became the focus. The intuitive reasoning
that the combination of low humidity and high temperature can increase the ignition of fuels,
and lead to the risk of wildfire has gradually led to ideas about the association between fire
danger and weather (Vitolo et al., 2019).

In one of the earliest attempts to link climate-fire relationships, Cohen and Deeming
(1985) introduced a system called National Fire Danger Rating System (NFDRS) to establish
the degree of fire hazard and the risk of fire spread by utilizing various models with the
constitution of daily meteorological fields. Subsequently, Van Wagner (1987) introduced a
similar approach to assess relative risks termed the Canadian Fire Weather Index System
(CFWIS), which generates a set of fire behaviour indices using observational weather data.
CFWIS was first introduced and developed for the Canadian forests, and has been widely
used across the world’s forested regions (e.g., France, Italy and Portugal [Viegas et al., 1999],
New Zealand [Dudfield, 2004], southeast Australia [de Groot et al., 2006], southeast Asia
[de Groot et al., 2007], Greece [Dimitrakopoulos et al., 2011], Brazil [Li et al., 2021] and
south-eastern Australia [van Oldenborgh et al., 2021a]). Notably, in Australia, the CFWIS
has successfully been used to study the past occurrence and future likeliness of an event to
occur (Dowdy et al., 2009; Abatzoglou et al., 2019).
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CFWIS uses fundamental weather variables to assess the risks of fire ignition and spread
(Van Wagner, 1987). As shown in Figure 2.1, the system contains three unitless indices, or
codes of the Fine Fuel Moisture Code (FFMC), the Duff Moisture Code (DMC) and the
Drought Code (DC) (National Wildfire Coordinating Group, 2023). These different indices
represent slightly different characteristics of fires (Van Wagner, 1987):

This item has been removed due to 3rd Party Copyright. The unabridged version of the
thesis can be found in the Lanchester Library, Coventry University.

Figure 2.1: Basic structure of the FWI system (National Wildfire Coordinating Group, 2023).

The first level of ‘Fire weather observations’ is composed of all the necessary weather
variables (e.g., temperature, relative humidity, wind and rain), which are classified and
available at daily or hourly time step (Figure 2.1; National Wildfire Coordinating Group,
2022). These variables are firstly used to construct a set of ‘fuel moisture codes’ (Vitolo
et al., 2019): Fine Fuel Moisture Code (FFMC) is an indicator of the moisture content,
and therefore relative flammability and combustibility, of fine fuels (i.e. surface organic
materials, such as needles, grasses and small twigs), and is characterized by their rapid
response to weather changes; Duff Moisture Code (DMC) represents a numerical rating of
the averaged moisture content of decomposed organic material, and is characterized by a
medium-term response to weather changes; Drought Code (DC) represents the averaged
moisture content of the soil at depth, and is characterized by the long-term response to
weather changes. Subsequently, a set of ‘fire behaviour indices’, is calculated (Vitolo et al.,

2019): Initial Spread Index (ISI) represents a numerical rating of the spread potential of a
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fire in the early stages shortly after ignition; Buildup Index (BUI) combines current DMC
and DC to represent a numerical rating of the total amount of fuel available for combustion
and is an estimate of potential heat release in heavier fuels. The final calculation is the Fire
Weather Index (FWI), which represents a numerical rating of the general fire intensity and,
therefore, a general index of fire danger (Vitolo et al., 2019). While the CFWIS parameters
pertaining to, for instance, vegetation type, fuel availability and thresholds for ignition could
in principle be subjected to a spatiotemporal adjustment, it is commonplace for the existing
setup to be applied across all parts of the world.

In summary, through the simple input of sole weather patterns and procedures of calcu-
lating relative indices, the risks of potential fires can be estimated. According to previous
studies, CFWIS often shows the best performance among indices (including NFDRS) almost
all over the world and its replicability and adaptability are universally acknowledged (Krikken
et al., 2021). Hence, the focus will be mainly given to the CFWIS.

Studies using the global fire danger reanalysis dataset by Vitolo et al. (2019) enabled
to provide a worldwide map for FWI calculated cell by cell from 1980 to 2017 (Figure
2.2). Areas with red-covered, particularly in northern Africa and the Middle East region,
manifest the severe conditions prescribed by FWI (Figure 2.2). It is important to note that
the most extreme FWI conditions (i.e. hot, dry and windy prevailing meteorology) are not
necessarily associated with fire activity; many such conditions are prevalent in desert regions
with minimal burnable vegetation. Rather than acting as precise proxy for fire occurrence,
the FWI (and other indices based on meteorological parameters) should be considered an

indicator of fire risk given particular land cover conditions.

2.2 ‘“‘Detection” and “‘attribution” study

The concept of “detection of change” was first introduced in the 1990s by IPCC (1995),
illustrating the progress in better defining the background natural variability of the climate
system. “Detection” studies aim to identify long-term changes in meteorological variables
or climate phenomena irrespective of their causes. Attempts to detect observed changes in
climate variables, such as global mean surface temperature (GMST), were also shown by
using various approaches and observational datasets across different regions (Figure 2.3;
Le Treut et al., 2007).

Estimates of naturally and non-naturally driven climate fluctuations on a century scale
remain difficult to obtain directly from observations, especially due to the lack of multi-

centennial datasets, and the complexity of accurately disentangling natural and non-natural
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Figure 2.2: 90" percentile of FWI calculated cell by cell for the period 1980 — 2017 (Vitolo
et al., 2019).

forcings from one realisation of climate (the observed one). This is why “attribution” studies
were developed to quantify the relative contribution of one or more drivers of detected
changes (Le Treut et al., 2007; Hegerl et al., 2010). “Detection” and “attribution” are
individual concepts, but are also closely interrelated at a technical level, as defined by the
Second and Third Assessment Report of the IPCC at the early stage (IPCC, 1995, 2001). For
instance, Figure 2.4 illustrates how two scenarios from one climate model can be used to
estimate the relative contribution of all forcings (anthropogenic and natural forcings) and
natural forcings to the observed trend in GMST anomalies (Meehl et al., 2004).

Detection and attribution analyses of climate change were originally designed for ob-
served changes and trends in any climate-related phenomena at both short-term and long-term
time scales, for instance, the extreme heat events from as little as one day to at least one year
(Hegerl et al., 2010; National Academies of Sciences, Engineering, and Medicine, 2016).
With the increasing frequency and intensity of extremes, attribution science has shifted
towards quantifying changes in the likelihood, and/or magnitude of such events, as a result of
rising global temperatures (Stott et al., 2016; Knutson et al., 2017). Consequently, detection
and attribution methods had been applied in a series of studies, including studying trends
or long-term changes in climate mean states (e.g., mean temperatures, mean intensity and

frequency of extreme events and their impacts).
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Figure 2.3: Changes in surface temperature over large regions derived from publications
since 1881 (Le Treut et al., 2007). Koppen (1881) represented the land air temperature over
tropics and temperate latitudes. Callendar (1938), Willett (1950), Mitchell (1963), Jones et
al. (1986a, b) and Hansen and Lebedeff (1987) showed the observational records from global
land stations. Callendar (1961) represents the observed temperature from 60°N to 60°S using
land stations. Budyko (1969) displayed the temperature in the northern hemisphere using
land stations and ship reports. Brohan et al. (2006) used land air temperature and sea surface
temperature data to present the longest global temperature time series as of 2007.

Detecting and attributing long-term trends and changes in climate, therefore, requires
observational data sets, whose network density as well as temporal resolution have substan-
tially increased over the past two decades (National Academies of Sciences, Engineering,
and Medicine, 2016). Meanwhile, the capability of computing power continues to grow
rapidly, offering the necessary support for large climate model ensembles and probabilistic
statistical modelling (National Academies of Sciences, Engineering, and Medicine, 2016).
The fifth assessment report then further acknowledges the achievement by quantifying these
contributions of anthropogenic climate change (IPCC, 2014). Other examples of attribution
studies also include quantification of the contribution of specific modes of climate variability,
such as the impact of tropical cyclones (Knutson et al., 2010).

An overview of the evolution of detection and attribution science is illustrated in Figure

2.5. Early work in the detection and attribution of warming and increased rainfall concentrated
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Figure 2.4: GMST anomalies (°C; as the reference period of 1890-1919) from the ensemble
mean (red line) and corresponding ensemble member range (pink shading) for each run from
its time series of annual values (Meehl et al., 2004).

on defining the “unusual” changes in statistical aspects and identifying the signal from
anthropogenic aspects compared with disparate scenarios in models (IPCC, 1995).
Subsequently, the science community combined the approaches to the probabilistic
theory of extremes, quantifying changes in the likelihood of extremes (IPCC, 2007, 2014).
Among these studies, Allen (2003) introduced the metric known as the fraction of attributable
risk (FAR) from the legal instead of physical perspective, and this method was widely
acknowledged in the attribution studies to show the estimate of the probability of an adverse
event risk attributable to human influence on climate. Stott et al. (2004) illustrated the human
contribution to the European heatwave in 2003 was the first paper in attributing extremes
in a relatively comprehensive probabilistic way. The review paper by Zhai et al. (2018),
however, highlighted early work in attributing climate change impacts to humans and natural
systems, for instance, the IPCC report in 2001, as well as Smith et al. (2001). Likewise,
the initial investigations into damaging events, such as the heatwaves observed in the period
from 1900 to 1950 during a phase of rapid global warming (Hegerl et al., 2007) and the
floods in England in 2000 (Pall et al., 2011), have significantly advanced our understanding
of extreme events. More recently, Stott et al. (2016) refined the definition of attribution to
anthropogenic climate change, proposing to use globally warming temperature anomalies
as a proxy of anthropogenic climate change. Using this method, the authors highlighted
that changes in the likelihood of extreme could be linked to changes in global or regional

temperature, and therefore could be attributed to anthropogenic climate change. Subsequently,
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= Detection and attribution study emerged and developed (IPCC, 1996). A
» Progress achieved in trends of warming (Bloomfield, 1992).
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in the model data climate variables that may contribute to
anthropogenic change.

5
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« A novel sight in the community, strengthening further developments.
_‘\\
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= Comprehensive overview of attribution studies by NAS (2016).
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thermadynamically-driven, refing the definition to anthropogenic climate
change (Stott et al. 2016).

o
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+ Focus is moving to specific extreme events, e.g. wildfires, storms,
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« Novel approaches in frameworks and modelling.
)

Figure 2.5: Evolution of detection and attribution study since 20 century.

a series of studies advised by the Bulletin of the American Meteorological Society and IPCC
concentrated on attribution studies of extremes, brought substantial outcomes, e.g., to what
extent changes in the likelihood of extremes are thermodynamically-driven (i.e., purely driven

by changes in temperature; Stott et al. 2016).

2.3 Conditional vs. non-conditional attribution approaches

The notions of conditional and non-conditional aspects of event attribution divided the
community (Stott et al., 2016). Conditional attribution aims at answering the questions about
the changes in likelihood or intensity under the limitation of one or more slowly varying
parts of the climate system (for instance, selections of specific years under the condition of
El Nino as observed for conditional attribution studies; National Academies of Sciences,
Engineering, and Medicine, 2016). By contrast, non-conditional attribution aims to provide
probabilistic estimates of changes in likelihood and intensity of a given risk irrespective of
the cause (National Academies of Sciences, Engineering, and Medicine, 2016).

The so-called “conventional” (conditional) approach to attribution described by (Stott

et al., 2013) uses physical-based assessments of observed weather or climate-related events
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to identify the changes of risks to specific factors and estimate the contributions of factors in
event attribution. This conventional method of probabilistic analysis can directly assess the
risk for the extreme event in response to a particular weather situation or weather pattern, hav-
ing considerable success with extremes involved with the thermodynamic aspect of climate
change (Trenberth et al., 2015). For thermodynamic-related events, higher performances
both in the confidence of attributing extremes and understanding of the effect of climate
change confirmed the influence of anthropogenic climate change on the increasing frequency
and intensity of extremes.

Due to the intricacy and incomplete comprehension of the physical mechanisms involved,
various attribution studies on tropical cyclones, wildfires, and storms remain constrained by
the availability of observations, modeling approaches, and specific topographical considera-
tions (National Academies of Sciences, Engineering, and Medicine, 2016). This challenge
is, therefore, promoting other approaches to make efforts in estimating the change in prob-
ability of the climatic or weather state (Otto et al., 2016). However, this method, focusing
on thermodynamically-driven extremes and changes, struggled with dynamically-driven
extremes due to the small changes in the context of climate (e.g., internal atmospheric circu-
lations) and its associated modulations of forced changes (Trenberth et al., 2015). Although
natural climate variability happens all the time with tiny differences in large-scale circula-
tions, the chaos in ensemble simulation models might be significant (Deser et al., 2012a,b,
2014; Kay et al., 2015).

In a specific individual circumstance, to what extent the anthropogenic climate change
influences the relationship between large-scale circulations and regional events is helping
understand isolating drivers in extremes (Otto et al., 2016). The framing of the attribution
question has a considerable influence on the results and their interpretation. This issue can
be illustrated using the example of the Colorado Boulder flood in September 2013, which
was first analysed by Hoerling et al. (2014) and then by Trenberth et al. (2015). This pair
of studies produced contradictory results with respect to the role of anthropogenic climate
change. The non-conditional approach of Hoerling et al. (2014) concluded that there is no
trend in the likelihood of the climate change effect on this extreme event by exploring the
relationship between the probability of extreme rainfall and atmospheric water vapour using
the ensemble-averaged GEOS-5 simulation outputs. However, Trenberth et al. (2015) were
critical of the non-conditional approach taken by Hoerling et al. (2014), as the methodology
from the latter focused solely on the regional scale and did not consider where the moisture,
leading the heavy rain event, was coming from. As mentioned in Trenberth et al. (2015), the

moisture was transported from a region of anomalously high sea surface temperature (i.e.,



2.3 Conditional vs. non-conditional attribution approaches 25

the eastern Pacific Ocean) to the west of Mexico and one of the reasons for the anomalously
warm sea surface temperature in this region is anthropogenic climate change itself (Trenberth
et al., 2015). This case stressed the importance of different framing of the attribution studies,
so that only comprehensive and systematic evaluations of all possible sources and internal
relationships between the variables can be provided in the most consistent and accurate
way. However, investigating the cause of the same event, Eden et al. (2016) found that
most of the moisture originated in the Gulf of Mexico and the western Atlantic rather than
the previous suggestion from the Pacific Ocean. Thus, as the anthropogenic influence on
sea surface temperature is weaker in the Gulf of Mexico than in the Pacific Ocean, the
generating mechanism of an event presents possible contradictory results (Eden et al., 2016).
This example challenges the corresponding work of attribution questions and highlights
the complexity of the choice of conditional vs non-conditional approaches. Additionally,
using both observations and simulations, Hoerling et al. (2014) also demonstrated that the
trend in higher pressure over Boulder (Colorado) during September could potentially reduce
the likelihood of extreme precipitation events. According to this extreme event and the
contradictions above, Stott et al. (2016) illustrated that the attribution from the anthropogenic
aspect could be considered under the condition of climatic variability in a certain state. This
idea addresses the difference between the overall and the conditional probabilities of the
event, offering a broader view of the attribution assessment. Therefore, conditional attribution
studies have the potential to invoke controversy in the linkage between large- and local-scale
systems (Eden et al., 2016).

The conditional vs non-conditional comparison has slowly grown into a refined debate
about storyline vs probabilistic (or, alternatively, risk-based) approaches to attribution, their
relative merits and limitations, and how they can be used to complement one another. The
storyline vs probabilistic debate is discussed in further detail in Chapter 3 (section 3.2.1).
Philip et al. (2020) note that, while the storyline approach is very important in understanding
the meteorological origin and anatomy of a particular event, and in highlighting the role
of climate change in influencing both dynamic and thermodynamic processes, it does not
reveal any information about the changing probability of the event itself. By contrast, a
probabilistic approach to attribution (that focused on the risk itself and is not conditional on
the processes that led to the risk) provides immediately numerical results that can directly
assist stakeholders and decision-makers. The greater potential of the probabilistic approach
for standardising attribution analyses as part of a global framework makes it the most suitable

framing for the objectives of this thesis.
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2.4 Framing of the attribution question

A scientific answer is always based on the question to be addressed. In the context of
attribution studies, this refers to framing the work to be undertaken according to the context,
for instance, different variables and/or regions (National Academies of Sciences, Engineering,
and Medicine, 2016). When the relative impact of anthropogenic forcing versus natural
variability comes into play, further framing issues are advised (National Academies of

Sciences, Engineering, and Medicine, 2016).

2.4.1 Review of advances in attribution studies

During the 1990s, most efforts addressing the attribution question focused on observed
long-term trends, meteorological variables, climate phenomena and the relationship with
anthropogenic activities (Zhai et al., 2018). Given the limitation of computing power and data
resolutions, using a global atmospheric model in extreme attribution studies was limited for
years (National Academies of Sciences, Engineering, and Medicine, 2016). In 2003, a widely
acknowledged method, known as the fraction of attributable risk (FAR), was first introduced
by Allen (2003), to calculate the liability for climate change (Figure 2.6), here namely
to show the estimate of the probability of an event in the attribution studies. Throughout
comparing the differences between ‘mean likelihood-weight liability’ of a specific event,
results can be calculated to show to what extent the ‘external cause A’ (i.e., climate change)
altered the occurring probability of this event (Figure 2.6).

This item has been removed due to 3rd Party Copyright. The unabridged version of
the thesis can be found in the Lanchester Library, Coventry University.

Figure 2.6: Fraction of attributable risk of undesirable events (Allen, 2003). A ‘mean
likelihood-weighted liability’ by averaging over all possibilities consistent with currently
available information is estimated to show the changes.
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The first attempt at attributing an individual extreme event was the analysis of the
European heatwave in 2003 conducted by Stott et al. (2004). As Stott et al. (2004) discussed,
it is difficult to answer whether the external forcing (such as the increase of greenhouse gas
emissions) is blamed to cause such kinds of heatwaves, because internal climate variability
could also lead to the occurrence of this event by chance. However, the estimation of the
changing likelihoods can be attributable to how much human activities may be altering the
risks (Stott et al., 2004). Generally, the likelihood of an event is associated to some extent with
the observed event, but this requires using model simulations and long-term observational
data. Through the comparison between the factual world under climate change (refers to the
current climate) and the counterfactual world without climate change (refers to a past climate),
the probability is taken to reflect the effect of climate change. In such model-based attribution
studies, ensembles of model simulations were used to help disentangle the contribution of
anthropogenic and natural variability (Stott et al., 2004; National Academies of Sciences,
Engineering, and Medicine, 2016). Since then, rapid developments and improvements have
been made to the subfield of extreme event attribution.

According to Allen (2003), Hannart et al. (2016), National Academies of Sciences, Engi-
neering, and Medicine (2016), the concept of ‘Risk Ratio (RR)’ or ‘Fraction of Attributable
Risk (FAR)’ or ‘Probability Ratio (PR)’ became the dominant metric to define the change in
the probability of occurrence of an extreme event, which can be calculated as in Eq. (2.1-2.2):

RR="L or paAR =P L¢

Pc Prf

2.1)

PR — Ppast or Ppresent 2.2)
Ppresent P future

where p s represents the likelihood of an extreme event in the factual climate containing
the anthropogenic contribution to climate change and p. is the counterfactual climate without
the impact of human-induced climate change; p,qs represents the likelihood of an extreme
event occurred under the past climate, ppresens 18 the likelihood of such event occurred under
the present climate and p f,,. sShows that under the future scenarios.

Using this concept, Stott et al. (2004) provided a comparison between the occurring
probabilities of a recorded heatwave event and its likelihood without anthropogenic effects on
climate using an ensemble of climate model simulations. The study showed that a heatwave
like the 2003 event has an increased likelihood as a response to anthropogenic climate

change. After that, new operational systems, applying the FAR for assessing the attribution
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of extremes emerged and developed. Hannart et al. (2016) proposed a causal framework for
event attribution, providing likelihoods of necessary and sufficient causation of an event. As
the easiest way to interpret the probability of a class of events rather than an individual event,
the FAR offers a very useful insight through comparisons between factual and counterfactual

worlds (National Academies of Sciences, Engineering, and Medicine, 2016).

2.4.2 Methodology of event attributions

For any extreme event, multiple factors from natural or anthropogenic sources always
interact with each other, thus, event attribution should not be framed as human-induced or
natural given that it will always be a combination of both (National Academies of Sciences,
Engineering, and Medicine, 2016). An essential part of the event attribution is the way of
framing, while the result is sensitive to the question and its context. Therefore, it is useful
and vital to state an explicit framework and explain the relative reasons for choosing.

The choices of the framework can contain the interpretation of a single event, the
condition that is involved, the assessment of the frequency and intensity of an event, and the
definition of the event, among other factors (National Academies of Sciences, Engineering,
and Medicine, 2016). The last decade has seen the development of different approaches for
event attribution analysis, which in turn has led to a significant discussion of their merits,
offering results in more than one way and providing disparate sights of looking at the event
(National Academies of Sciences, Engineering, and Medicine, 2016; Kirchmeier-Young et al.,
2019a). For instance, using a one-dimensional definition to describe the extremeness of the
event, the monthly mean maximum temperature (1951-2021) for the warm 2021 February
over East Asia (Xie, 2022), and daily the mean temperature from the first half of the October
temperature (2001-2020) for the heatwave in South Korea (Kim et al., 2022) are defined in
different spatial and temporal contexts of events.

Considering the setup of a spatiotemporal event definition, the natural first step of event
attribution is always the study of observations to determine the extremeness and rarity of the
events in historical records, e.g., using statistical analysis to estimate the return period for
types of events. Subsequently, climate models may be utilised to link the knowledge of the
whole climate system to typical events by suitable observations, quantifying the contributions
from human activities (National Academies of Sciences, Engineering, and Medicine, 2016).
In addition, to obtain better assessments for event attribution, large ensembles and the use
of multiple models can offer more robust detections and analysis of extremes, and a better

representation of the real diversity of events with or without the effect of anthropogenic
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climate change (Stott et al., 2016, Zhai et al., 2018; further explanations are available in
section 2.4.4).

Observations are broadly employed in all attribution studies. However, real-world trends
always have large uncertainties, particularly for the wildfire extremes, due to the limited
years of observational records. Thus, when available, the employment of long-term historical
records and statistical analysis is an excellent way to quantify the likelihood of extreme
events and their corresponding circulation periods. For instance, Pall et al. (2011) used
the data of daily river runoff for England and Wales in the autumn of 2000, estimating the
FAR and return periods for potential circulations of floods in England as a milestone for
event attributions. Additionally, many studies applied observations for further standards or
thresholds for simulations of typical types of events (Jain et al., 2022).

Climate models with longer-term simulations (>100 years) are widely applied to present
the proper signals for the event (National Academies of Sciences, Engineering, and Medicine,
2016). Different types of climate model simulations can be used, but coupled ocean-
atmosphere general circulation models (AOGCMs or CGCMs) are commonly used to provide
the most comprehensive and systematic simulation of the climate systems. CGCMs are
also the primary choice for analysing the historical and future trends in extreme events
across the world. In particular, CGCMs provided by the sixth phase of the Coupled Model
Intercomparison Project (CMIP6) are the latest version to be used in the field (Eyring et al.,
2016). Compared to the previous fifth version, i.e. CMIPS5, CMIP6 offered a wider range
of forcings in future scenarios to account for the mitigation and adaptation strategies to the
challenges in the future (Eyring et al., 2016; Stouffer et al., 2017; Bourdeau-Goulet and
Hassanzadeh, 2021). In addition, a higher number of simulations for the same forcing is
developed in CMIP6 to better represent the internal variabilities (see Figure 2.7) as well as
the improvement of the historical representation in climate extremes indices on a global scale
compared to the CMIP5 model (Eyring et al., 2016; Chen et al., 2020; Di Luca et al., 2020).
Owing to the model outputs employed by CMIP6 (Eyring et al., 2016), comparisons between
different forcing (with or without anthropogenic effects) can be helpful to directly quantify
changes presenting potential impacts from specific aspects (e.g., anthropogenic vs. natural;
Stott et al., 2004; National Academies of Sciences, Engineering, and Medicine, 2016).

Additionally, atmospheric-only GCMs (AGCMs), with forced changes in the atmosphere
induced by observed sea-surface temperature, are also recommended in recent years. Ac-
cording to Walters et al. (2017), the Hadley Centre system (HadGEM3-A-N216) developed
by the UK Met Office is to attribute extreme events, the role of human-induced climate

change can be more clearly discerned, as uncertainties associated with AGCMs are lower
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Figure 2.7: Comparisons in model resolutions, number of simulations for the historical and
future periods between CMIPS5 (the top CMIP belonging to each climate modelling center)
and CMIP6 (the bottom CMIP belonging to each climate modelling center) (Bourdeau-Goulet
and Hassanzadeh, 2021).

than in CGCMs. The conditioning result is frequently employed to prescribe observed sea
surface temperature anomalies by considering a counterfactual world rather than an unforced
nature without anthropogenic effects (Stott et al., 2016). It is desirable to include multiple
counterfactual conditions (mentioned in Eq. 2.2) to compare with human-induced impacts.
Besides, new ideas about applying the Weather Research and Forecasting (WRF) model to
extreme event attribution introduced by Tradowsky et al. (2020) also drew scientists’ interest
in the recent European Geosciences Union General Assembly 2020. Such an attempt could
have an accurate estimate of extreme events by employing an explicit convection algorithm

with high-resolutions instead of a parameterized convection scheme.

2.4.3 Quantifying changes in the likelihood of extreme fire-weather in

response to warming temperature

Generally, the study of changes in extreme events primarily focuses on frequency and
intensity (Stott et al., 2016). With the available datasets for event attributions, the approach of
plot fitting became a good point to see the corresponding distributions for the outputs (King
et al., 2015; van Oldenborgh et al., 2015). In event attribution study, two main statistical
distributions, namely Generalized Extreme Value (GEV) distribution (P(x)) and Generalized
Pareto Distribution (GPD; H (x — u)) are often utilized as Eq. (2.3) and (2.4), respectively.
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T

P(x) = exp[-(1+&*

(2.3)

where x is the variable for the research objective (for instance, here x represents FWI for
wildfires), —eo < U < 00,—00 < & < oo, u and o here are location and scale parameters,
respectively, and & is the shape parameter.

H(u—x)zl—(l—%x)‘% 2.4)
where x is still the variable for the research objective, u is the threshold, o and & are the scale
and shape parameter, respectively (Coles, 2001).

The parameterization scheme for the parameters in GEV and GPD is also commonly used
to estimate the trend in transient data. The 4-yr smoothed global mean surface temperature
(GMST) anomaly T is employed to present parameters, combined with the bootstrapping
steps and the 95% uncertainty range shown below (Figure 2.8) according to van Oldenborgh
et al. (2021a). The 4-yr smoothing is chosen to reduce the ENSO component of GMST,
which is not external forcing and therefore not related to the trend, and this shortest smoothing
timescale allows as much of the forced variability as possible at the same time (Haustein
et al., 2019). Therefore, the function in Eq. (2.3) and (2.4) can be assumed to be covariate
with GMST by u = o+ oT and 6 = 6y + T where o represents the trend in fire indicator
maxima as a function of smoothed GMST anomaly T', then the parameters in Eq. (2.3) for a
GEV fit and that in Eq. (2.4) for a GPD fit are converted as

aT

M= Ho-exp— (2.5)
Ho
T/

o =0y expa— (2.6)
(o)}

with the shape parameter £ assumed constant. Significant increases in temperatures are
strong evidence for the applicability of the methods.

Almost all the statistical analyses for wildfires applied these two fits (especially GEV
fit). For instance, Krikken et al. (2021) applied a GEV fit only, while others applied both
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Figure 2.8: GEV fit to the bushfire regions of a new parametrization method by van Old-
enborgh et al. (2021a). The position parameter is linearized by GMST while the scale and
shape parameters are constant.
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a GEV fit and a GPD fit (Barbero et al., 2020; van Oldenborgh et al., 2021a). By applying
the spatial and temporal extents of the risks that relate to fire suppressions, a decision for
the threshold of the minimal occurring condition can be obtained afterwards. Throughout
the fitting plots supported by the observational dataset and model simulations, appropriate
statistical distributions including probability density function scaled to the past (blue), present
(dark grey) and future climates (orange and red) with ranges of return periods can be shown
ultimately (c.f., Figure 2.9 for GEV fit). Then probabilities estimated for a specific magnitude
of the event are used to show the changes in the likelihood of such extremes based on Eq.
(2.2). As an example, in Figure 2.9, the central return period is around 60 years in the past
(blue) while that shows about 15 years to occur once under present climate (dark grey), then
the corresponding probability ratio is approximately a factor of four between the past and
present climates, namely such kind of extreme event is currently four times more likely to
occur compared to the past days. This offers the first step of reasonable understanding to the
records (National Academies of Sciences, Engineering, and Medicine, 2016; Barbero et al.,
2020).

Figure 2.9: An example of annual Fire Weather Index (FWI) maxima fitted to GEV scaled to
the global mean surface temperature under the past, present and future climates.

The demonstrated statistical approach above offers substantial outcomes for the attribu-
tions of not only wildfires, but most extreme events (i.e., heavy precipitations, heat waves,
tropical cyclones; National Academies of Sciences, Engineering, and Medicine, 2016).

Note, however, that this statistical approach is desirable only if there is a strong causal link
between the covariate and anthropogenic climate change (National Academies of Sciences,

Engineering, and Medicine, 2016). Otherwise, an underestimation or overestimation of
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trends would be produced eventually due to other factors from natural variability (National
Academies of Sciences, Engineering, and Medicine, 2016). Based on the latest research by
van Oldenborgh et al. (2021a), two types of uncertainties can be witnessed: 1) internal/natural
climate variability can strongly influence regional and decadal climate trends; i1) different
computing tools and inputs could lead to slightly different results (e.g., datasets [different
observational datasets or models], fire weather indices, statistical framework). Therefore,
strategies for reducing the impact of internal/natural climate variability presented by model
spread and a weighted mean by climate models are beneficial for providing more robust

information in the study.

2.4.4 Sensitivities and uncertainties of climate models

Estimating climate sensitivity is becoming a crucial aspect to understand climate change
(Stott et al., 2016; Knutson et al., 2017). Model-to-model differences largely exist given the
internal variability and the forced response to external forcing in the models (Maher et al.,
2021), while multi-model averaging is an efficient approach to reducing the uncertainties
related to climate models (Georgakakos et al., 2004; Exbrayat et al., 2010; Taylor et al., 2012;
Sansom et al., 2013; Her et al., 2016; Eyring et al., 2016; Milinski et al., 2020).

The main sources of uncertainty in CGCMs come from two aspects, namely model and
scenario uncertainty, internal/natural climate variability (Hawkins and Sutton, 2011). For
model uncertainty, model simulations, either over the historical period or the future, might
be disparate between different models, which were built using different atmospheric, ocean,
sea-ice and land-surface models (Knutti, 2010; Masson and Knutti, 2011; Dieppois et al.,
2019); even under the same radiative forcing, some models may be more sensitive than
others (Andrews et al., 2018; Zelinka et al., 2020). Regarding the role of internal/natural
climate variability, recent studies highlighted its importance in modulating climatic trends
at regional and decadal scales (Deser et al., 2012a, 2020; Deser and Phillips, 2023). In the
context of event attribution studies, it is worth noting that internal climate variability may
wrongly be included in the effect of anthropogenic forcing, for instance. Separating internal
climate variability from externally forced changes (ca. anthropogenic climate change) from
the GMST is crucial. In that sense, in any regional studies, the use of large-ensembles (>
10 simulations of the same model) of CGCMs is recommended, as it allows to smooth the
impact of internal variations at the global scale, and more accurately extracts externally
forced signals (Milinski et al., 2020; Mabher et al., 2021). This is illustrated in Figure 2.10,

where the shading area in light grey shows a large range of uncertainty in GMST when using
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individual realizations, while that uncertainty range is progressively reduced when using
larger ensemble sizes (i.e., 10, 20, 50, 200). Therefore, using climate models with a larger
ensemble size can be more effective to separate the forced response from internal variability,
and to reduce associated uncertainties (Milinski et al., 2020; Maher et al., 2021).

Figure 2.10: Global annual mean near-surface air temperature from the MPI-GE 200-member
historical ensemble from 1850 to 2005 (Milinski et al., 2020). The dark blue line represents
the time series of 200-member ensemble mean. Shaded regions show the range of forced
responses estimated by resampling 1000 times for 3, 10, 20 and 50 ensemble sizes. The light
grey shading shows the range of the full ensemble, i.e., the minimum to maximum of all the
200 realisations for every single year.

In addition, reliabilities from climate model simulations, either at the global or regional
scale, determine the attribution outputs substantially (Stott et al., 2016). Model errors occur
not only in the dynamic aspect of climate change but are also affected by climate sensitivity
(Shepherd et al., 2018). The observations are vital for the whole study, as the model evaluation
and selection step are based on the fidelity to observed, realistic data (National Academies of
Sciences, Engineering, and Medicine, 2016).

Given the discrepancies between the observations and simulations, bias correction meth-
ods are universally utilized in event attributions (Philip et al., 2020; van Oldenborgh et al.,
2021b). For instance, simple additive and multiplicative bias corrections are applied in the
three case studies (cf. Chapter 5, section 5.1, 5.2 & 5.3). Notably, biases also arise from
the motivation of choices, such as the choice of a specific event and the metric used to
communicate the changes in risks, and this has potential influences on summaries across
the studies to some extent (National Academies of Sciences, Engineering, and Medicine,

2016). The differences in event selections and spatiotemporal definitions can affect the
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rarity of the meteorological event, and therefore the return period of the event can be very
sensitive to this choice (Philip et al., 2020). However, if the primary focus is addressed on
a climatological understanding of events, or to inform adaption and strategies, these biases
caused by selections will be not relevant (National Academies of Sciences, Engineering, and
Medicine, 2016).

2.5 Summary of the datasets used in recent wildfire attri-

bution studies

Often, even under the common spatiotemporal definition of the extreme event, attribution
results can vary considerably due to the choice of the indicator used and climate models
chosen to represent the fire weather risks. Hence, this thesis is seeking and exploring
the sensitivities and uncertainties of disparate possibilities, including the choice of fire
weather indicators, state-of-art models with long-term simulations and corresponding model
evaluation and selection steps. In addition, a bias-correction algorithm is involved in specific
case studies on recent or historical individual or collective fire weather extremes, contributing
to the reduction of systematic bias arising from climate simulations and obtaining a close fit
to the reality. Because of such limitations, the only few attribution studies about wildfires
were examining changes in the likelihood of extreme heat and drought, and their potential
relationship between anthropogenic summer warming and the increasing burned areas, for
example in Canada (Gillett et al., 2004; National Academies of Sciences, Engineering, and
Medicine, 2016).

Table 2.1 presents the latest attribution study of wildfires in regions worldwide. Through-
out the exploration, the influence of human-induced components can be compared with
counterfactual situations intuitively, evidenced by the real impacts from humans (Otto et al.,
2016; National Academies of Sciences, Engineering, and Medicine, 2016). Although results
differ from time to regions, apparent growth in risk ratios still strengthens the study of
framing and attributing wildfire events.

The Global Fire Emissions Database (GFED) for the observational datasets always
became the choice for researchers to analyze the burning areas worldwide (for instance,
biomass burning emissions from small fires by Randerson et al. (2012) and global fire
emissions by van der Werf et al. (2017). This dataset can provide the global monthly burned
area with a resolution of 0.25° (~27-28 km). Based on these observations, combinations

with the satellite-derived data from the Moderate Resolution Imaging. Spectroradiometer
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Table 2.1: Latest attribution studies in wildfires.

Country/ Observational/ Fire Indices Models (with bias cor- | RR  or
Region Reanalysis Data rection in bold) PR
(applying period)
British MERRA2(1980- CFFDRS CanESM2 (Can- | ~6
Columbia, 2018), GFWED (FWI) RCM4)
Canada
(Kirchmeier-
Young et al.,
2017b)
Sweden ERA-I, ERAS, | FWI CMIPS5 (EC-Earth v2.3 | ~1-3
(Krikken MERRA2 (1980- [1.1°], CESM1 [1°],
et al., 2021) 2018); JRA-55 etc.), Weather@Home
(1955-2018) [0.25°]
France (Barbero | SAFRAN (1958-2017) | FWI, KBDI CMIP5 > 50
et al., 2020)
Southeastern Berkeley Earth cli- | FWI CMIP5 (EC-Earth v2.3 | ~0.8-8
Australia (van | mate analysis, AWAP, [1.1°], CESMI1 [1°],
Oldenborgh GISTEMP, ACORN- CanESM2 [2.8°], etc,)
etal., 2021a) SAT, CERA-20C HadGem3-A  [0.6°],
(1900-2010) ASF20C [0.71°],
CMIP6 (low resolu-
tion), Weather @ Home
[1.8°]
Brazil (Li et al., | ERAS5 (1987-2019) FWI, BUI, ISI, | Weather@home [1.8°], | ~0.95-
2021) FFMC, DMC, | HadGEM3-A [0.6°] 1.64
DC

(MODIS), active fire data offered by the Tropical Rainfall Measuring Mission (TRMM)
Visible and Infrared Scanner (VIRS), the full dataset of fires can be acquired, and is regularly
automatically updated (Giglio et al., 2016; Randerson et al., 2018).

Apart from the directly observed data, reanalysis data also make indispensable contribu-
tions to wildfire risk modelling. The second version of Modern-Era Retrospective analysis
for Research and Applications (MERRA2; Gelaro et al., 2017), the global atmospheric
reanalysis, from ECMWF Re-Analysis (ERA) Interim (ERA-Interim; Dee et al., 2011) and
its improved version, ERAS (Hersbach et al., 2020) and the French reanalysis Systeme
d’Analyse Fournissant des Renseignements Atmospheriques a la Neige (SAFRAN; Vidal
et al., 2010 play important roles in recent attribution studies (Table 2.1; Kirchmeier-Young
et al., 2017b, Krikken et al., 2021, Barbero et al., 2020, van Oldenborgh et al., 2021a).
Reanalysis based on the Canadian Forest Fire Weather Danger Rating system and weather
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forcing from ECMWF Re-Analysis (ERA) Interim and ERAS produced by the European
Centre for Medium-range Weather Forecasts have been developed as GEFF-ERAI and GEFF-
ERAS (Vitolo et al., 2019, 2020). These reanalysis datasets will be part of the essential
attempts for this project to quantify worldwide fire danger.

Most attribution studies of extreme events also rely to some extent on climate models
(National Academies of Sciences, Engineering, and Medicine, 2016). CMIP models with
different forcing, natural-only, anthropogenic-only or all-forcing, offer a comprehensive view
of the system complexity, and become one of the most popular and sophisticated tools for the
cause or the dominant forcing of an extreme event (Stott et al., 2016). Thus, while relying on
large ensembles of simulations, with or without anthropogenic influences, the likelihood of
extreme events can be finally estimated (Stott et al., 2016; Zhai et al., 2018). Because of the
specific type and configuration of climate models, results are highly dependent on the types
of extremes being attempted, a large ensemble of ocean-atmosphere coupled climate models
is always utilized for simulating the fire weather conditions with or without anthropogenic
influence (National Academies of Sciences, Engineering, and Medicine, 2016). By defining
applicable models with disparate scenarios and relative thresholds, systematic models can be
obtained, and corresponding outputs are reasonably reliable. The model outputs can finally
show clear risks with different forcings.

In terms of wildfires, the use of a large ensemble in climate models seems to perform
better in circumventing the problems of undersampled internal/natural climate variability
(Krikken et al., 2021). All the simulations present increasing temperature trends in typical
wildfire events, as shown in Table 2.1. Even though they found clear changes in precipitation
under a warmer climate, no robust evidence can link the dry periods during summer with
increased fire risk. Further studies will be about continuing the novel bias correction method
designed by Cannon (2018), which is not applied in any latest simulations yet. It is expected
to solve the issues related to the scale mismatched between regional/global climate models
and the scale of a fire occurrence, as well as systematic bias (not necessarily related to the

resolution, with unclear or uncontrolled sources), improving modelling accuracy.
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A global view of observed changes in fire
weather extremes: uncertainties and

attribution to climate change

Abstract - In many parts of the world, wildfires have become more frequent and intense in
recent decades, raising concerns about the extent to which climate change contributes to the
nature of extreme fire weather occurrences. However, studies seeking to attribute fire weather
extremes to climate change are hitherto relatively rare and show large disparities depending
on the employed methodology. Here, an empirical-statistical method is implemented as
part of a global probabilistic framework to attribute recent changes in the likelihood and
magnitude of extreme fire weather. The results show that the likelihood of climate-related fire
risk has increased by at least a factor of four in approximately 40% of the world’s fire-prone
regions as a result of rising global temperature. In addition, a set of extreme fire weather
events, occurring during a recent 5-year period (2014-2018) and identified as exceptional
due to the extent to which they exceed previous maxima, are, in most cases, associated with
an increased likelihood resulting from rising global temperature. The study’s conclusions
highlight important uncertainties and sensitivities associated with the selection of indices and
metrics to represent extreme fire weather and their implications for the findings of attribution
studies. Among the recommendations made for future efforts to attribute extreme fire weather
events is the consideration of multiple fire weather indicators and communication of their

sensitivities.

This chapter appears as the following published paper in Climatic Change: Liu, Z.,
Eden, J. M., Dieppois, B., & Blackett, M. (2022). A global view of observed changes in fire
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weather extremes: uncertainties and attribution to climate change. Climatic Change 173, 14.
https://doi.org/10.1007/s10584-022-03409-9.

3.1 Introduction

Understanding the climatological drivers of wildfires has become an increasingly important
area of research with relevance for many parts of the world. In addition to the threats posed to
human lives, wildfires are associated with several socioeconomic and environmental impacts
(Gill et al., 2013; Tedim et al., 2018; Wang et al., 2021). The recent World Meteorological
Organization (WMO) Atlas of Mortality and Economic Losses from Weather, Climate and
Water Extremes outlined the significant contribution of wildfire events to disaster-incurred
economic losses (World Meteorological Organization, 2021). For instance, across North
America, Central America and Caribbean regions, only tropical storms result in a higher
number of reported economic losses than wildfires (World Meteorological Organization,
2021). Notably, the 2019 wildfires in California and Alaska have incurred costs of more
than $24bn (World Meteorological Organization, 2021). Environmental impacts include
ecosystem degradation and both air and water pollution. Furthermore, the substantial increase
in global wildfire activity predicted by the end of the 21st century will place enormous
stress on the balance between biodiversity and the climate system (Krawchuk et al., 2009;
Flannigan et al., 2009; Jolly et al., 2015). To mitigate future risks associated with wildfires,
understanding the nature of, and trends in, such events has become an emerging priority,
resulting in the necessity to quantify the influence of anthropogenic climate change on
wildfire events (Kirchmeier-Young et al., 2017b; Abatzoglou et al., 2019; van Oldenborgh
et al., 2021a).

Analysis of wildfires as extreme events tends to be approached similarly to the analysis
of extreme heat and cold, drought, extreme rainfall or other meteorological phenomena. The
World Meteorological Organization Atlas, for instance, defines wildfire as "climatological”,
alongside drought and glacial lake outburst, in its classification of disaster subgroups (World
Meteorological Organization, 2021). Strictly speaking, wildfires are not meteorological
events — there are other factors at play in their development and the precise link to climate is
difficult to quantify (National Academies of Sciences, Engineering, and Medicine, 2016).
However, the mechanisms favouring wildfire generation are clearly influenced by climate.
Periods of below-average precipitation coupled with high-temperature anomalies are obvious
drivers of drought conditions which many of the largest fires are associated with (e.g., van

Oldenborgh et al., 2021a). Additionally, temperature, wind speed and humidity play a crucial
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role in dictating fire spread (Jain et al., 2022), and rainfall has an equally important effect
on fire suppression. Climate-related wildfire studies have generally focused on one of three
aspects (Hardy, 2005): (i) fire activity itself, which is usually quantified by the number of
fires or the extent and intensity of burned area (Campos-Ruiz et al., 2018); (i1) fire risk, which
is usually understood to be the climate-related probability of ignition, a function of both
hazard and vulnerability (Seneviratne et al., 2021); (iii) fire danger, which typically takes the
form of a rating system combining meteorological information, to describe the severity of
fires (Deeming et al., 1978; Sharples et al., 2009). However, despite this distinction, advances
in the analysis of wildfire extremes in the context of climate change have been limited, partly
by the absence of a common framework for best practice.

During the last decade, a growing emphasis has been placed on drawing attention to
and understanding changes in the nature of extreme weather and climate events (e.g., Otto
et al., 2016; National Academies of Sciences, Engineering, and Medicine, 2016; Philip et al.,
2020). There is now a wealth of literature dedicated to the attribution of individual extreme
events to climate change, the majority of which have focused on extreme temperature (e.g.,
Kim et al., 2016) and precipitation events (e.g., Kunkel et al., 2013), in addition to episodes
of drought (e.g., Funk et al., 2015), flooding (e.g., van Oldenborgh et al., 2012) and other
impacts (e.g., Kirchmeier-Young et al., 2017a; Knutson et al., 2019) that pose substantial
societal challenges. A number of these studies have been published during the last decade
in the annual special report, ‘Explaining Extreme Events from a Climate Perspective’ from
the Bulletin of the American Meteorological Society (BAMS), summarizing substantial
outcomes for types of extremes (e.g., Herring et al., 2021). Additionally, the evolution of
philosophical and methodological approaches in event attribution has been documented in
numerous publications (National Academies of Sciences, Engineering, and Medicine, 2016;
Stott et al., 2016; Philip et al., 2020; van Oldenborgh et al., 2021b).

Event attribution studies allow us to assess and quantify how the nature of individual
climate risks has been altered by climate change (e.g., Trenberth et al., 2015; Otto et al., 2016;
Knutson et al., 2017). By quantifying the relative contribution of one or more drivers of the
observed changes, the classical event attribution approach seeks to determine to what extent
the frequency and/or magnitude of extreme events has changed as a result of anthropogenic
climate change or, otherwise, long-term changes in global mean temperature (Field et al.,
2012). However, while attribution study of extreme heat-related and precipitation events is
commonplace, analysis of wildfire or, alternatively, extreme fire weather events are compara-
tively rare. To date, of the 200 studies published in the BAMS ‘Explaining Extreme Events

from a Climate Perspective’ special reports, only eight have been developed for wildfire
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events (Yoon et al., 2015; Partain et al., 2016; Tett et al., 2018; Hope et al.; 2019; Brown et al.,
2020; Lewis et al., 2020; Yu et al., 2021; Du et al., 2021). A comprehensive report published
by the National Academies of Sciences, Engineering, and Medicine (2016), outlined four
components that complicate attribution questions for wildfires (Abatzoglou and Kolden,
2011; Lin et al., 2014; Gauthier et al., 2015): (i) the motivating role of human activities in
fire ignitions and suppression, management of forests; (ii) the chaotic nature of small-scale
weather systems, such as lightning in igniting large fire outbreaks; (iii) the importance of
larger-scale weather in the wildfire spread and growth of fires into major events (e.g., wind
and humidity for fire spread, and precipitation for extinguishing fire outbreaks); (iv) the
health of the forest or the condition of the burnable vegetation. While some components can
be affected by prevailing weather and climate conditions (e.g., likelihood of thunderstorms,
long-term droughts), a lack of understanding of the suitability of fire weather indicators limits
detailed exploration. Shedding light on these sensitivities and progressing toward a more
robust approach for wildfire attribution is, therefore, an important challenge.

Aside from the lack of application to wildfire studies, event attribution faces several
broader challenges. Arguably the most important is reaching a consensus on the way that
different types of extreme events should be defined, given that the differences can result
in disparate conclusions (Philip et al., 2020). Such definitions should include the goal of
the event attribution, the choice of variables, the spatial and temporal extent of the event in
question, the specific motivations according to the event types and researchers or partnerships
leading the studies (Philip et al., 2020). Other challenges are relevant to the difficulty
in drawing comparisons between studies of similar events using different methods and
event definitions (National Academies of Sciences, Engineering, and Medicine, 2016). The
application of established attribution methodologies to different event types has the potential
to address some of these challenges directly and, in turn, to provide guidance that will support
the continued development of robust attribution science.

Here, we assess worldwide observed trends in annual maxima in a range of fire weather
indicators and quantify to what extent recent climate change has altered the nature of fire
weather extremes. We use an established empirical-statistical methodology as part of a global
framework designed to enable the simultaneous attribution of multiple extreme fire weather
episodes. Key to this framework is the use of a standardised spatiotemporal event definition,
and the quantification of uncertainties associated with the choice of various fire-weather
indices. The chapter is organized as follows. In section 3.2, the methods and data are
described. In section 3.3, we present three sets of results: (i) recent trends in seasonal fire

weather statistics and the relationship between different fire weather indices and burned
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area; (i1) empirical attribution of worldwide changes in the likelihood of extreme fire danger
indices; and (iii) empirical attribution of a collective of recent “exceptional” fire weather
events. In section 3.4, we present our conclusions and recommendations for the framework’s

application to climate model ensembles as part of comprehensive attribution methodologies.

3.2 Methods and Data

3.2.1 Probabilistic vs. Storyline approaches to event attribution

The way an attribution question is framed is an important consideration that can substantially
influence a study’s overall results (Philip et al., 2020). Recently, the event attribution
literature has settled on a distinction between two overarching approaches. The ‘probabilistic’
approach, is used to estimate the probability of a class of events for a given magnitude
occurring in the past and present climate, regardless of their meteorological cause (Allen,
2003; Stott et al., 2004). An alternative is the so-called ‘storyline’ approach, which places an
emphasis on the meteorological roots of a given event and aims to deliver qualitative analyses
instead of quantitative estimations (Clark et al., 2016; Shepherd, 2016). A major caveat
of storyline-based studies is the general requirement for specialist knowledge to interpret
results, which impedes the ease with which this approach can be applied to multiple events
(Philip et al., 2020). Given our desire for a framework that can be applied routinely to any
event, or indeed multiple events, our study implements a probabilistic approach. In making
this choice, we acknowledge that both the probabilistic and storyline approach is not without
fault, and its application should be evaluated accordingly.

Probabilistic application to attribution study typically involves the use of empirical-
statistical methods applied to observations and climate model outputs. Examples include the
rainfall-related extremes in America (Eden et al., 2016; van Oldenborgh et al., 2017) and
Netherlands (Eden et al., 2018), heat-related extremes in America (Mera et al., 2015), and
Australia (Hope et al., 2016), and fire-related extremes in Canada (Kirchmeier-Young et al.,
2019b), Sweden (Krikken et al., 2021) and Australia (van Oldenborgh et al., 2021a). Here,
we focus on the direct application of an established statistical technique to reanalysis-derived
historical data to estimate how climate change has affected the likelihood or magnitude of

particular types of fire weather events (Stott et al., 2016).
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3.2.2 Sensitivity to the representation of fire weather

The index chosen to represent fire weather is often circumstance, and location, dependent.
There remains considerable uncertainty surrounding the potential sensitivity of trends and
attribution metrics to the definition of fire weather. As discussed in the introduction, quanti-
fying the relationship between fire and climate is not trivial. The development of specific
indices for ‘fire weather’, particularly the widely used approach of the Canadian Fire Weather
Index System (CFWIS) (Van Wagner, 1987), has set a benchmark for drawing quantifiable
links between climate and fire. The CFWIS uses meteorological variables, specifically tem-
perature, relative humidity, surface wind speed and precipitation, that collectively constitute
fire-prone conditions, or so-called ‘fire weather’. These variables are firstly used to construct
a set of ‘fuel moisture codes’ depending on the fuel consistency (Vitolo et al., 2019): Fine
Fuel Moisture Code (FFMC) is an indicator of the moisture content, and therefore relative
flammability and combustibility of fine fuels and is characterised by their rapid response to
weather changes; Duff Moisture Code (DMC) represents a numerical rating of the averaged
moisture content of decomposed organic material, and is characterised by a medium-term
response to weather changes; Drought Code (DC) represents the averaged moisture con-
tent of the soil at depth; and is characterised by long-term response to weather changes.
Subsequently, a set of ‘fire behaviour indices’ is calculated (Vitolo et al., 2019): Initial
Spread Index (ISI) represents a numerical rating of the spread potential of a fire in the early
stages shortly after ignition; Buildup Index (BUI) represents a numerical rating of the total
amount of fuel available for combustion and is an estimate of potential heat release in heavier
fuels and a weighted combination of current DMC and DC. The final calculation is the Fire
Weather Index (FWI), which represents a numerical rating of the general fire intensity and
therefore a general index of fire danger (Vitolo et al., 2019).

Although initially developed for application in Canada, FWI has been used to describe
fire-climate relationships in other parts of the world, such as France, Italy and Portugal
(Viegas et al., 1999), New Zealand (Dudfield, 2004), southeast Australia (de Groot et al.,
2006), southeast Asia (de Groot et al., 2007) and Greece (Dimitrakopoulos et al., 2011).
These studies assume that FWI is an appropriate metric for fire weather, but a systematic
worldwide comparison of multiple indices is lacking in the literature. Further discussion of
the merits of FWI is given in Section 2.1. While FWI has been the most widely used metric
to describe fire-climate relationships (Cortez and Morais, 2007; Ager et al., 2014; Pinto
et al., 2020), and as the basis of some attribution studies (Abatzoglou and Williams, 2016;
Krikken et al., 2021; van Oldenborgh et al., 2021a), other works have justified the use of

alternative CFWIS indices. For example, in the western United States, the six ecoregions use
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DC, FFMC, FWI, BUI and the Daily Severity Rating (an additional component of CFWIS;
Van Wagner, 1987) to present individual fire danger risks separately (Spracklen et al., 2009).
Similarly, the derived monthly DC has been employed in northern Europe, northern Asia and
Canada (de Groot et al., 2007), while the daily BUI has been utilised in Alaska (Bhatt et al.,
2021). Furthermore, Jain et al. (2022) used ISI alongside FWI and vapour pressure deficit
as the basis to assess global trends in extreme fire weather. Though these studies widely
applied different indices, robust justifications for the choice of an index for each region
are not critically developed, and a systematic worldwide comparison of multiple indices is
lacking in the literature, which motivates our desire to quantify the sensitivity of different
indices.

We make an initial assessment of the sensitivity of fire weather analysis to the choice
of CFWIS index, firstly by comparing trends in annual mean fire weather and secondly by
comparing interannual fire weather variability with area burned (section 3.3.1). Historical
fire weather data is derived from the Global Fire Danger Reanalysis (0.25° resolution; Vitolo
et al., 2019), produced by the Copernicus Emergency Management Service for the European
Forest Fire Information System, for the period 1980-2018. While the calculation of all indices
closely follows the CFWIS methodology outlined by Van Wagner (1987) and Lawson and
Armitage (2008), a worldwide application across different climates and fire regimes means it
is necessary to note some caveats. There is some debate on whether the fuel moisture codes,
particularly DC, should be reset to a start-up value ahead of the fire season or ‘overwintered’
to account for the effects of inter-seasonal drought (McElhinny et al., 2020). The calculations
of ISI, BUI and FWI in the Global Fire Danger Reanalysis are reset to zero at locations
with greater than 20% snow cover but the calculation of the FFMC, DC and DMC is not
suspended (Vitolo et al., 2019). By default, the Global Fire Danger Reanalysis thus does not
implement overwintering. Instead, the start and duration of the fire season is determined by
the user (Vitolo et al., 2019).

Our analysis used the following CFWIS indices: DMC, DC, ISI, BUI and FWI. FFMC is
omitted as the constrained upper limit of its range (maximum value: 101), which is frequently
reached in many parts of the subtropics, makes this index unsuitable for extreme value
analysis. DC has a probable maximum value of around 800 but even the most extreme drought
conditions do not reach this upper limit (de Groot, 1987; National Wildfire Coordinating
Group, 2022). To limit the analysis to parts of the world that are prone to fire, monthly
burned area dataset is taken from the fourth version of the Global Fire Emissions Database
(GFED4; Global Fire Emissions Database, 2022) for which data is available between 1996
and 2016 (0.25° resolution; van der Werf et al., 2017).
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3.2.3 Event Definition

The next step is to define the extreme fire weather event quantitatively. The event definition is
crucial within the event attribution process; overall results can be dramatically influenced by
the definition itself (van Oldenborgh et al., 2021b). As stated earlier, we take a class-based
approach to estimate the likelihoods of the occurrence of a given event in the real world
and present climate. The event class would typically be defined in spatiotemporal terms
according to the meteorological anatomy of the target event. The framework used here
necessitates a definition that can be applied globally. Previous efforts to attribute fire weather
extremes have focused on 5-day (e.g., Lewis et al., 2020) or 7-day (e.g., Krikken et al., 2021)
averages, while analysis of soil moisture as a fire risk indicator found little difference between
3-day, 5-day and 7-day anomalies preceding fire occurrences (Thomas Ambadan et al., 2020).
Here, in order to best account for extreme events occurring on shorter timescales and ensure
inter-index comparability, we focus on annual maxima in 5-day averages in each CFWIS
index. The definition must also declare the spatial extent of the extreme event; at each target
grid cell, we consider all information within a pre-defined 5x5 (1.25° x 1.25°) surrounding
grid box. This was done (i) because an event may be larger than one grid point, and (ii) to
negate the influence of atmospheric noise, or spurious observational errors. Finally, to limit
our analysis to areas of the world that can be considered fire-prone on the basis of historic
fire activity, we smoothed the GFED4 data with a quadrilateral curvilinear grid and masked

all grid points at which burned area was recorded between 1996 and 2016.

3.2.4 Attributing changes in event likelihood

The generalized extreme value (GEV) distribution (Coles, 2001) fitted to block maxima has
been widely applied to estimate the return period of extreme events (van Oldenborgh et al.,
2015; Eden et al., 2016, 2018; Krikken et al., 2021; van Oldenborgh et al., 2021a):
x—u 1
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where location, scale and shape parameters of the distribution are i, ¢, and &, respec-
tively. Here, we fit the annual maxima of 5-day running means for each CFWIS index to a
GEV distribution across all fire-prone parts of the world to quantify the change in likelihood
and magnitude in fire weather extremes. While it may be more appropriate for regional
analysis to consider maxima during a period representative of the regional fire season, we

choose to focus on the calendar year (January-December) in line with a consistent approach
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designed for global applicability. To account for possible changes due to climate change over
time, we assume the GEV fit is scaled linearly to annual global mean surface temperature
(GMST), taken from the Goddard Institute for Space Studies Surface Temperature Analysis
(GISTEMP Team, 2022) and smoothed with a 48-month running mean, as a representation
of global warming. This is the shortest that not only effectively diminishes the ENSO
component of GMST (van Oldenborgh et al., 2021a), which is not externally forced and
therefore doesn’t contribute to the overall trend, and also retains as much of the forced
variability as possible (Haustein et al., 2019). In addition, a longer smoothing timescale
would pose challenges in extrapolating data, especially in the highly relevant last few years
of the instrumental record (van Oldenborgh et al., 2021a). This approach is consistent with
similar application in previous work (van Oldenborgh et al., 2018; Otto et al., 2018b; Eden
et al., 2018). Observations are fitted to a non-stationary distribution under the assumption that
the % ‘dispersion’ ratio and the shape parameter & remain constant (Philip et al., 2020). The
location and scale parameters i and o are assumed to vary with an exponential dependency
on GMST (van der Wiel et al., 2017):
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where [y and oy are the fit parameters of the distribution and « is the trend in fire indicator
maxima as a function of smoothed GMST anomaly T. To estimate the uncertainty, a 1000-
sample non-parametric bootstrapping method with a moving-block approach is applied
(Efron and Tibshirani, 1998; van der Wiel et al., 2017). At each grid point, we evaluate
return time, and hence the probability, of an extreme fire weather event defined by the 95
percentile occurring in the climate of 2018 (p1) and that is occurring in an ‘alternative climate’
associated with a reduced anthropogenic forcing (p0). Here, the year 1961 is chosen to
represent an ‘alternative climate’ to capture the full extent of global warming witnessed since
the 1970s (IPCC, 2021). Several previous attribution studies have used 1961 as a reference
year for ‘alternative climate’ (e.g., Zhou et al., 2018; Eden et al., 2018); Kirchmeier-Young
et al. (2019b) used a similar period, noting that the extent of global temperature change
between the 1960s and the 2010s is similar to the difference between fully- and natural-forced
simulations of the second-generation Canadian Earth System Model (CanESM?2). Change in
the likelihood of fire weather extremes is expressed using the ‘probability ratio’ (PR) p1/p0
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(also known as the ‘risk ratio’). We also quantify the percentage change of a recent fire
weather event and an event of equivalent likelihood occurring in a past climate (%2MAG). This
empirical-statistical method is applied to attribute extreme fire weather worldwide (section
3.3.2) and, more specifically, to collectively attribute a set of exceptional fire weather events

observed during recent years (section 3.3.3; IPCC, 2021).

3.3 Results

3.3.1 Recent trends in seasonal mean fire weather and links to fire
activity

To identify the potential differences between the CFWIS indices, we first seek to quantify
recent trends in fire weather and its relationship with fire activity. It is important for a global
analysis to consider regional variability in the timing of the period of greatest fire risk. As
stated in section 3.2.2, the Global Fire Danger Reanalysis encourages a user-driven definition
of the start and duration of the fire season (Vitolo et al., 2019). Here, given our emphasis
on extreme fire weather, and specifically on annual fire weather maxima, the fire season is
defined at each grid point by the set of months that experienced the highest 5-day CFWIS
average in each year between 1980 and 2018.

The tendency and significance (95% confidence level) of trends in CFWIS seasonal
means from 1980 to 2018 are shown in Figure 3.1a. Spatial patterns in regions of significant
positive and negative change exhibit differences between indices. For all five indices, most
of the globe is associated with an increase in mean fire weather. For all indices, a significant
positive trend is found at more than 25% of fire-prone grid points, and at more than 30% of
grid points for ISI and FWI, including large parts of the Americas, Australia, Europe, central
Asia and central and southern Africa. Negative trends are limited to parts of sub-Saharan
Africa, southern Asia and southwestern Australia. The results indicate a certain degree of
discrepancy in the recent trends detected in the five CFWIS indices. Additionally, trends are
generally weaker in the high latitudes of the Northern Hemisphere, most notably in central
Canada where negative trends are found, despite the occurrence of extreme wildfires in these
regions in recent years (Kirchmeier-Young et al., 2017b; Witze, 2020).

Point-wise Pearson’s product-moment correlation between seasonal means in each
CFWIS index and corresponding GFED4 burned area (for which data is available between
1996 and 2016) is shown in Figure 3.1b. Positive correlation between seasonal CFWIS and

burned area is found across North and South America, eastern Europe, equatorial Africa,
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southeast Asia and southern Australia. Significant positive correlations (p<0.05; r>0) are
found at between 19.8% (for DC) and 26% (for FWI) of all grid points. Interestingly, areas
of relatively strong positive correlation (r>0.4) between FWI and burned area are somewhat
limited across northern and western Europe, where FWI has been frequently used as an
indicator for fire risk (Viegas et al., 1999; Tanskanen and Venilidinen, 2008; Krikken et al.,
2021). Negative correlations tend to be detected over dry and/or data-scarce regions (Menne
et al., 2012), including parts of Australia and sub-Saharan Africa, in addition to the isolated
points in central Asia. Overall, positive correlations between fire weather conditions and
burned area are witnessed in most regions of the world, while there are few inter-index
differences in the relationship between each CFWIS index and fire-prone areas. In terms
of choosing an index as the most appropriate fire weather indicator as part of attribution
analysis, there is little to suggest that any particular index would prove more suitable than

any other, at least on a global scale.

3.3.2 Empirical Attribution of extreme fire weather

As previously mentioned, an empirical-statistical method is utilized to attribute the changes
in likelihoods of extreme fire weather, namely the annual maximum of 5-day running mean
to each CFWIS index. Here, the GEV-scaling method is applied to the annual maxima in
each CFWIS index. Global maps showing the goodness of the GEV fit by using Kolmogorov
Smirnov test, probability ratio (PR) and change in magnitude (%MAG) at each grid point
are presented in Figure 3.2. The assumption that the distribution of annual maxima can
be approximated well by the GEV can be made throughout most of the world’s fire-prone
regions; for FWI for instance, the Kolmogorov-Smirnov test statistic falls within the critical
value of 95% significance at 70% of fire-prone grid points. There are some exceptions (in
grey), including parts of Mediterranean Europe, and we recommend exercising a degree of
caution in the interpretation of the attribution results in such regions.

Overall, there are several similarities in spatial patterns of both PR and %MAG across
the five CFWIS indices (Figure 3.2). A 4-fold increase in likelihood (PR>4) in response to
globally warming temperature is found in approximately 40% of the world’s fire-prone grid
points. This corresponds to an increase in the magnitude of around 20%, ranging from 15.5%
in DC to 25.5% in DMC. Regions with increasing likelihoods in %MAG are mainly similar
to that in PR. Such increases in the likelihood of extreme fire danger are particularly strong in
temperate North America, Europe, Africa, Boreal and Central Asia. On the contrary, extreme

fire weather appears to be less likely across all CFWIS indices in South Asia, Southeast Asia,
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Figure 3.1: (a) Trends in five CFWIS indices from the Global Fire Danger Reanalysis (Vitolo
et al., 2019) during the regionally-varying fire risk season for the period 1980-2018. Fire-
prone regions where a positive trend is detected are shown in red; regions of negative trends
are shown in blue. Values in the bottom-left corner of each panel show the percentage of
grid points that represent a significant increase (red) and decrease (blue), respectively. (b)
Correlation between the seasonal means of each CFWIS index and GFED burned area at
all fire-prone grid points from 1996 to 2016. Values in the bottom-left corner of each panel
show the percentage of grid points that represent significant positive (red) correlations. The
white areas represent the mask of non-burnt areas.
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Northern Hemisphere South America, Western West Africa, Southern and Eastern Africa,
as suggested by a decrease in the likelihood in response to globally warming temperature
(PR<1). The proportion of regions showing a significant decrease in likelihoods is relatively
lower by employing the %MAG metric than the PR.

Across the CFWIS indices, spatial patterns are generally similar, but certain regions show
contrasting results. For instance, by choosing either BUI or FWI as the reference index for
western Australia, we may find either a positive trend or no significant change in likelihoods
(Figure 3.2). Similarly, in eastern Africa, increases in likelihood (PR>1) of ISI and FWI
extremes are found, while for DC and BUI extremes decreases are found (PR<1) in DC
and BUI extremes are found. Moreover, the largest discrepancies in both PR and %MAG
between CFWIS indices are found in regions with large inter-index differences in recent
trends (Figure 3.1a), and that are also poorly correlated with the fire-prone area (i.e., eastern
parts of South America for FWI, East Asia and Western Australia; Figure 3.1b). As these
regions are also data-scarce (Menne et al., 2012), the observed differences could be due
to the low reliability of the reanalysis product there (Burton et al., 2018; Liu et al., 2018;
Acharya et al., 2019; Gleixner et al., 2020). Alternatively, this could also highlight that, in
hot and humid tropical regions, relative humidity and precipitation are more important than
temperature in driving changes in fire weather indices.

To summarise the results of our empirical-statistical attribution analysis on the regional
scale, PR results are amalgamated across the 14 GFED Basis Regions (identified according to
annual emission estimates; van der Wiel et al., 2017). Figure 3.3 shows the proportion of grid
points that exhibit significant increases and decreases in likelihood in the five CFWIS indices
in each of the 14 fire regions. Notably, for four of the fire regions (TENA, SHSA, NHAF and
CEAS; see Figure 3.3 for definitions of the regions), an increase in the likelihood of extremes
in all indices is found in more than 50% of grid points; for a fifth region (BOAS), the same
results are found for each index except for DC. Similarly, for CEAM, EURO, and SHAF,
increasing likelihoods are dominant in general, while BONA and MIDE predominantly
show non-significant changes in likelihoods. Conversely, the NHSA and EQAS region
exhibit decreasing likelihoods in extremes of all indices in up to approximately 50% of grid
points. Meanwhile, only the SEAS region shows a homogeneous and consistent decrease
in likelihood at more than 50% of the grid points, with the highest proportions evident for
DMC and BUI. Efforts to attribute extreme heat in this region have been inconclusive; van
Oldenborgh et al. (2018) were unable to detect trends in the highest maximum temperatures
in India since the 1970s, noting the counteracting effect on global warming of (1) increased

irrigation and resultant evaporative cooling, and (ii) the blocking of sunlight by aerosols as a
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Figure 3.2: Goodness of GEV fit by using Kolmogorov Smirnov test (left), global view of
probability ratio (PR; centre) and percentage change (%MAG:; right), concerning the target
event at each grid point for five CFWIS indices. Numbers in the bottom-left corner represent:
(left) the percentage of significant results with a 95% confidence level (%sig(CV)), for which
is lower than the critical value (here is 0.043; the calculation is based on the formula of K-S
test of critical value = 1.36/+/N, when @=0.05 and N=39*5%5); (centre and right) globally
averaged PR and %MAG, and the percentage of the grid points (%sig) for which PR and
9%MAG results are significant. The white areas for globally averaged PR (for instance, in
Amazon) represent the regions where the extreme fire weather conditions are unlikely to
occur in the past climate.
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result of increased air pollution. Though most fire regions present similar proportions of grid

BONA Boreal North America NHAF  Northern Hemisphere Africa
TENA Temperate North America SHAF Southern Hemisphere Africa
CEAM Central America BOAS Boreal Asia

NHSA Northern Hemisphere South America CEAS Central Asia

SHSA Southern Hemisphere South America SEAS Southeast Asia

EURO Europe EQAS Equatorial Asia

MIDE Middle East AUST Australia and New Zealand

Figure 3.3: Regional summaries of PR results across the 14 GFED fire regions. Pie charts
for each CFWIS index show the proportion of fire-prone grid points associated with positive
(red; PR>1), negative (blue; PR<1) and no change (grey) at the 95% confidence level.

points with significant increase and decrease among all CFWIS indices, that in AUST present
inter-index differences in PR. In AUST, among the five indices, DC, DMC and BUI present
increasing likelihoods over 70%, ISI and FWI display the increasing likelihoods around 50%
with decreasing likelihoods around 20%.

In summary, fire weather events have become more likely and greater in magnitude in
most regions of the world. In some regions, particularly within the tropics and the high
latitudes of the northern hemisphere, there is evidence that the likelihood of extremes has
decreased as global temperatures have risen. In addition, we note that sensitivities in the

choice between the different sub-indicies on FWI are particularly strong in Australia, while
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they are relatively small in other regions of wildfire prominence, such as North and Central

America and much of Asia.

3.3.3 Attribution of recent exceptional fire weather events

As highlighted in section 3.3.1, the last decade has witnessed a sharp increase in efforts to
attribute individual events. Studies related to wildfire or, alternatively, extreme fire weather
are relatively rare. Here, we extend the application of our approach to a set of recent
extreme fire weather episodes in the observational record that would have been considered as
‘exceptional’ and, in principle, would have been an appropriate focus of an event attribution
study. We demonstrate that classifying extreme fire weather events according to the same
strict event definition allows for collective conclusions to be drawn from the attribution of
multiple events.

Our analysis defines events as ‘exceptional’ where the index value of an annual maximum,
occurring between 2014 and 2018, exceeds the previous maxima (recorded since 1980) by
more than 20%. The geographical distribution, comparative magnitude and PR tendency (at
the 95% confidence level) of those exceptional events are shown in Figure 3.4. Exceptional
fire weather events occurred prevalently in multiple locations around the world between
2014 and 2018. Four of the five CFWIS indices show that more than 50% of events were
associated with an increase in likelihoods; the exception is DC, which is the only index that
is, in principle, constrained by a maximum probable value (de Groot, 1987) with an upper
limit. DMC and BUI were associated with the largest number of exceptional events, which
were mostly associated with positive changes in PR. On the contrary, DC, ISI and FWI
show relatively fewer exceptional events, but those are still strongly related to an increase
in likelihood. Specifically, the largest exceptional fire weather events (i.e., those exceeding
the previous maxima by 50%) are detected in coastal North America, central and southeast
South America, central and southern Africa, and boreal Asia, in addition to parts of Europe
and Australia. Almost all of these occurrences are linked to an increase in likelihood (PR>1).
Nevertheless, some exceptional events are associated with a decrease in likelihood (PR<1),
particularly extremes in DMC in the Pacific Northwest of North America and central Europe,
extremes in DMC and BUI in northern parts of South America, and extremes in BMC, DC
and BUI in equatorial Asia.

The fact that different indices present disparate distributions of exceptional events high-
lights the sensitivity of a fire weather event study to the index used to define the event in

question. There are several instances in which such sensitivity is strongly evident. In Alaska,
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Figure 3.4: Global distribution of recent fire weather events (2014-2018), defined by each
CFWIS index, for which the magnitude exceeds any previous annual maxima by more
than 20%. Point size is representative of the exceptionality of each event. Point colour
is representative of the corresponding PR: events associated with an increase (PR>1) and
decrease (PR<1) in likelihood are shown in red and blue respectively; events associated with
no significant change are shown in grey. Numbers in the bottom-left corner of each panel
shows the percentage of events associated with an increase in likelihoods.
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several ISI and FWI events are observed that exceed the magnitude of the previous maxima
by more than 50% and are associated with a significant increase in likelihood. However,
exceptional events in other indices are either not evident or, in the case of DMC extremes,
associated with a significant decrease in likelihood. In South America, there is a large
number of exceptional DMC and BUI events spanning the entire continent, but relatively
few exceptional DC, FWI and ISI events are found outside of the northern region. In central
Africa, extreme ISI events of lesser exceptionality (no more than 30% greater than the
previous maxima) compared to other indices, but in all cases, those events are associated with
increasing PR. Europe is associated with particularly exceptional events, but those events are
linked with the decrease in PR in the Scandinavian region and the increase in PR over the
rest of Europe. In Northern and East Asia, there are numerous exceptional DMC and BUI
events (>50%), but far fewer for other indices.

The use of a consistent spatiotemporal event definition presents the possibility to attribute
multiple events collectively, which we do by averaging the PR of all exceptional fire weather
events across the 14 GFED fire regions.

Figure 3.5 summarises the PR averaged across each region for each CFWIS index.
Exceptional fire weather events recorded in six regions (BOAS, TENA, CEAS, SHAF, NHAF
and AUST) exhibit the largest collective increase in likelihood (average PR>8) irrespective of
the index used to define them. For TENA and NHAF specifically, the increase in likelihood is
exhibited for more than 95% of events used to construct the averages. By contrast, there are
examples where the average PR differs substantially between indices. The recent exceptional
BUI, ISI and FWI events occurring in SEAS collectively exhibit an averaged decrease in
likelihood (PR<0.5), whereas an increase is found for DMC and DC events. There are also
some notable inter-index differences among the exceptional events occurring in EQAS. This
finding further illustrates the sensitivity of fire weather attribution studies to the choice of
index. It is also important to highlight that the outcome may be influenced by the varying

extents of different geographical areas.

3.4 Discussion and conclusions

This study has identified trends in fire weather extremes and quantified to what extent climate
change has altered their likelihood and magnitude. Following a probabilistic approach, an
established empirical-statistical method was used to construct a globally applicable frame-

work to attribute worldwide extreme fire weather events. The results provide clarification
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Figure 3.5: Regional summaries of exceptional event attribution across the 14 GFED fire
regions. Bar charts for each CFWIS index show PR averaged across all the exceptional fire
weather events identified for each CFWIS index. The size of each bar represents the number
of exceptional events; the colours of each bar represent average PR; bars shown in bold and
with an asterisk indicate where over 95% of exceptional events agree on either an increase
(PR>1) or decrease (PR<1) in likelihood.
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on uncertainties and sensitivities associated with the choice of an index for fire weather
representation, particularly in the context of extreme event attribution.

The first part of the analysis of fire weather trends and correlation analysis presents
preliminary knowledge about the performance of fire weather indicators in the form of the
CFWIS indices across the world’s fire-prone regions. A positive trend was found in the
seasonal mean of each index in most fire-prone regions of the world, and broadly in line
with the present understanding of global fire weather and its relationship with climate change
(Jain et al., 2022). Reflecting on correlation with the occurrence of fire activity (in the form
of burned area data), while inter-index differences are modest, there are several examples of
substantial differences at the regional scale. Notably, we found that FWI is not systematically
the closest match to fire activity, suggesting that other indices could potentially be more
appropriate proxies for fire risk in specific regions.

The probability of extreme climate-related wildfire risk has increased substantially as
a response to globally warming temperatures in large parts of the world. This is, however,
not the case in some regions, such as southeast Asia. While our results are based on a
relatively short record (39 years from 1980 to 2018), it is possible to conclude that the greater
maximum daily temperature may not be the major driver of fires in these areas, which means
other factors (i.e., precipitation, humidity and surface wind) should play an important role in
attribution methodologies. Since climate change effects at the regional scale are associated
not only with warming temperatures but also with changes to precipitation and atmospheric
moisture content, this does not imply that such extreme fire weather events are unrelated
to anthropogenic climate change. Generally, these results are consistent irrespective of the
index used to define extreme fire weather. However, there are some notable exceptions (e.g.,
Australia and sub-Saharan Africa), where attribution results show a strong sensitivity to the
choice of index.

It is evident that, while the CFWIS indices used here form part of a common wildfire
information system, different indices can lead to disparate results with respect to changes in
the nature of fire weather extremes in various regions of the world. Therefore, as highlighted
in recent work (Philip et al., 2020; van Oldenborgh et al., 2021b), it is crucial to explore the
availability and merits of indices or metrics that may be used to represent fire weather, and
to fully justify their application in the context of event attribution. As illustrated through
our analysis of recent exceptional events, attribution of changes in the likelihood of events
in response to warming global temperature can be significantly different depending on
the choice of index. With respect to future efforts to attribute fire weather extremes, we

recommend the consideration of a full variety of indices or metrics to: (i) understand and
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communicate the sensitivity of the results to the chosen index or metric; (i) better understand
the effect of climate change on different combinations of the meteorological components of
fire weather (temperature, precipitation, wind speed and atmospheric moisture content).
Empirical attribution analysis provides important preliminary knowledge of changing
extreme fire weather based on observations, but robust attribution of extreme events requires
the complementary application of similar methods to the outputs of climate model ensembles
(van der Werf et al., 2017). We anticipate that the results presented here will serve as a
benchmark against which results from climate models can be compared, and ultimately serve
to improve the accuracy of attribution findings generated from models (van Oldenborgh
et al., 2021b). In future studies, it may also be beneficial to include more indices from other
risk assessment systems in a similar framework, such as the Keetch-Byram drought index
(KBDI) from the US Department of Agriculture’s Forest Service (Keetch and Byram, 1968),
the energy release component (ERC) calculated from the United States national fire danger
rating system (NFDRS; Deeming et al., 1978), and the McArthur forest fire danger index
(FFDI) from the Centre for Australia Weather and Climate Research (McArthur, 1967).
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Multi-model attribution of extremes in
fire weather intensity and duration to
externally forced changes in global

temperature anomalies

Abstract - In response to the occurrence of a number of large wildfire events across the
world in recent years, the question of the extent to which climate change may be altering the
meteorological conditions conducive to wildfires has become a hot topic of debate. Despite
the development of attribution methodologies for extreme events in the last decade, attribution
studies dedicated explicitly to wildfire, or otherwise extreme ‘fire weather’, are still relatively
few. In turn, there is a lack of consensus on how to define fire risk in a meteorological context,
posing a challenge for research in this subfield. Recent work has offered clarification on
uncertainties associated with the choice of meteorological indicator to represent fire weather
in the context of extreme event attribution but there are additional sensitivities that are still
not fully understood.

Here, for the first time, a global probabilistic attribution of fire weather extremes is
conducted using an established statistical methodology applied to six large (>10 member)
climate model ensembles from CMIP6. Trends in extremes in the Canadian Fire Weather
Index (FWI) are quantified using extreme value distributions, fitted with annual maxima
in both FWI intensity and duration, and scaled to global mean surface temperature. An
initial evaluation of model performance shows that, while all models are able to reasonably
reproduce observed global patterns in extreme distribution parameters, there are some no-

table differences at the regional scale. Global probability ratio maps are used to quantify the
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influence of rising global temperatures on the changing frequency of FWI extremes. The
findings highlight the sensitivity of probabilistic fire weather attribution to the choice of
climate model ensemble, and the value added by a model evaluation and selection step in
maximising the robustness of attribution analysis. In conclusion, a set of recommendations is

made for future efforts to attribute episodes of extreme fire weather.

This chapter appears as the following submitted manuscript to Weather and Climate
Extremes: Liu, Z., Eden, J. M., Dieppois, B., Drobyshev, 1., Krikken, F., & Blackett,
M. (2022). Multi-model attribution of extremes in fire weather intensity and duration to
externally forced changes in global temperature anomalies. Weather and Climate Extremes,

(In review).

4.1 Introduction

The frequency and severity of large wildfire events has increased globally in recent years
(World Meteorological Organization, 2021). Particularly destructive fires have fostered
debate on how the role of climate change may have altered the weather conditions favourable
to wildfires (Boer et al., 2020; Bowman et al., 2020; Ellis et al., 2022). Efforts to quantify
the role of climate change in altering the frequency and magnitude of weather and climate
phenomena, broadly termed climate change attribution, have developed extensively during
the last decade. This development includes a dramatic increase in the capacity to attribute
individual extreme weather and climate events. However, attribution studies focused on
wildfires remain rare compared to those focused on other extreme events, such as heatwaves,
meteorological floods, and droughts.

The scarcity of wildfire attribution studies is surprising given that the link between
wildfires and climate is well-established and widely used in operational fire management,
e.g., through the reliance of forest management agencies on the Canadian Fire Weather Index
System (CFWIS; Van Wagner, 1987) and the United States National Fire Danger Rating
System (NFDRS; Deeming et al., 1978). The Atlas of Mortality and Economic Losses from
Weather, Climate and Water Extremes (1970-2019) (World Meteorological Organization,
2021) categorises wildfires as part of the ’climatological’ subgroup of hazards. Strictly
speaking, however, wildfires are not meteorological events, as other factors (i.e., human
activities) play a role in their ignition and spread, making their mechanisms of occurrence
and development considerably more complex, and their relationship to weather and climate

more obscure. As the understanding of the occurrence mechanism of wildfires is even poorer
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than other extremes, the confidence and reliability of the corresponding attribution studies
of wildfires are also lower (National Academies of Sciences, Engineering, and Medicine,
2016). The limited understanding of wildfire attribution is often associated with uncertainty,
including the sensitivity of attribution results to many factors, such as the choice of fire
weather indicators (Liu et al., 2022a), event definitions and the climate models used in the
analysis (Philip et al., 2020).

Although research on the attribution of extreme wildfires, particularly on a global scale,
remains scarce, there are several global studies that are already working on fire weather,
the term given to the meteorological conditions conducive to such events. For instance,
according to Abatzoglou et al. (2019), 22% of the world’s burnable land area is experiencing
anthropogenic increases in extreme fire weather indices by 2019, including much of the
Mediterranean and Amazon. Jain et al. (2022) found trends in extreme fire weather across
almost half of the global burnable area based on the reanalysis data from 1979 to 2020.
Additionally, Liu et al. (2022a) showed that, across more than 40% of the world’s fire-prone
regions, extreme fire weather became at least four times more likely due to global temperature
increases between 1980 and 2018. There is enormous potential for regional- and local-scale
studies to support and test global-scale frameworks’ findings. Recent case studies have been
undertaken in regions of Australia (Tett et al., 2018; Lewis et al., 2020; van Oldenborgh et al.,
2021a), Canada (Kirchmeier-Young et al., 2017b), Sweden (Krikken et al., 2021), Siberia
(Liu et al., 2022b) and South Africa (Liu et al., 2023). Nevertheless, attribution studies of
individual wildfires, or otherwise extreme fire weather events, are rare in comparison to other
weather and climate extremes.

While individual studies are an important supplement to global analysis, the extent to
which their results can be integrated is limited by a lack of homogeneity in spatiotemporal
definition of the event, and the choice of methodology. In turn, this limits our ability to
understand the extent to which such increasing risks of fire-prone weather conditions are
affecting different environments and climatic zones in response to climate change. Liu et al.
(2022a) provided clarity on the sensitivity of the findings of an empirical-statistical attribution
methodology in the definition of extreme fire weather. The authors also demonstrated
that analysis of multiple events can be combined as part of a collective attribution, but
acknowledged that studies combining results generated by different data sources must
consider additional uncertainties and sensitivities.

The role of climate models is indeed vital to provide robust attribution of changes in
extreme fire weather. In the context of their utilisation in attribution, model ensembles can be

split into two categories (Philip et al., 2020): (a) ‘fixed forcing’ runs, which usually consist
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of a pair of simulations representative of current conditions and a counterfactual reality
without anthropogenic emissions, and (b) ‘transient’ runs, such as those that contribute to
the sixth phase of Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016).
Despite the widespread use of climate model ensembles in attribution analysis, many studies
are based on a small number of models (Kirchmeier-Young et al., 2017b, 2019b; Liu et al.,
2022b), or otherwise do not conduct a specific model evaluation step (Kirchmeier-Young
et al., 2017b). All climate models, either fixed-forcing or transient, exhibit (potentially
large) biases, particularly in the representation of extremes (e.g., Vautard et al., 2020). The
capability of climate models to simulate statistics of extreme events that are comparable to
the observed one has not always been given due attention in attribution studies, leading to
uncertainties in the findings drawn from the analysis of simulations from different climate
models. This introduces new questions about the suitability of the chosen climate model for
attribution to the target extreme event (Philip et al., 2020). As noted by Philip et al. (2020) in
their documentation of recommended protocols for probabilistic extreme event attribution
analysis, it is important to examine a series of climate models to understand the sensitivity
and to include the model evaluation step to quantify the uncertainty for event attribution
studies.

The fast-paced development of attribution science during the last decade has been driven
by the increased capacity for climate models to simulate large ensembles. Large climate
ensemble models provide: (a) an opportunity to study multiple realisations and thus longer
time series than what is possible with observations alone, which means that the detection
and quantification of extreme thresholds and distributions should be more robust, (b) a
homogeneous representation of climate, independent of the spatial and temporal distribution
of the observational monitoring network, and (c) a better understanding of the role of
externally forced trends from internal variability (Deser et al., 2020). Notably, the use of
large-ensembles (>10 realisations of the same model) of coupled general circulation models
smooths the impact of internal variations and enables extraction of more robust externally
forced signals, via means of simple ensembles (Milinski et al., 2020; Maher et al., 2021).

With a growing number of attribution studies dedicated to wildfire, or extreme fire
weather, across the globe, there is a clear need to identify and understand all sources of
sensitivities and uncertainties. Here, using established statistical methodologies applied to
six large ensembles from the sixth phase of the Coupled Model Intercomparison Project
(CMIP6), we conduct probabilistic attribution of fire weather extremes across the world’s
fire-prone regions. We assess trends in both the intensity and duration of extremes in the
Canadian Fire Weather Index (FWI) using a Generalised Extreme Value (GEV) distribution,
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fitted with annual maxima and scaled to externally forced global mean surface temperature
(GMST). In terms of the analysis of extremes in FWI intensity, the current analysis builds
on the empirical-statistical approach presented by Liu et al. (2022a). For the first time, we
apply this approach to the output of multiple large-ensembles from CMIP6 models. The
extension of the same approach to quantify trends in the duration of extreme FWI events also
constitutes a novel application.

The remainder of this paper is structured as follows. In section 4.2, details of the CMIP6
data and methodology are presented, including the selection of a definition for global fire
weather extremes. In section 4.3, results of the changing likelihoods in extreme fire weather
and a multi-model synthesis are presented. In section 4.4, we conclude and make a set of

recommendations for future attribution of extreme fire weather episodes.

4.2 Methods and Data

4.2.1 Defining fire weather extremes

Choosing an appropriate set of spatiotemporal parameters by which to define weather or
climate extremes is a crucial step in an attribution study since the findings and interpretation
of the results both rely upon this definition. To this end, we use the potential impact of
extremes as the pivotal element of their definition (Philip et al., 2020; Krikken et al., 2021;
van Oldenborgh et al., 2021b). Specifically, fire weather extremes are defined in two ways: (i)
Extremes in fire weather intensity are defined by the annual maxima in 7-day averaged FWI
(FWIx7day). The choice of a 7-day period for averaging is consistent with previous efforts
to attribute FWI extremes (e.g., Krikken et al., 2021; Liu et al., 2022b; 2023). (i) Extremes
in fire weather duration are defined by the annual maxima in the number of consecutive
days for which FWT is above the historical 90" percentile (FWIxCD90). In both cases, the
spatial extent of an extreme is limited to a radius of 250 km to ensure that they represent the
immediate vicinity of the most intense fires. The annual maxima at each target grid point are
defined by the spatial maximum of all grid points within a 250 km radius in order to avoid

the overlap between grid cells and therefore, to avoid the risk of double counting.

4.2.2 Data

Simulations of the historical FWI data were derived from six CMIP6 models, all of which
have an ensemble size of at least 10 members, for the period 1850-2014. Details of all six

models are given in Table 4.1.
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Table 4.1: Details of the six CMIP6 models used in the analysis.
Model Institution Ens | Resolution Reference
(lon x lat)

the Canadian Earth Sys-| Canadian Centre for | 50 | 128x64 (Swart et al.,
tem Model version 5 | Climate Modelling and (~2.8%x 2.8°) | 2019)
(CanESM5) Analysis (CCCma)
the Atmosphere-Ocean | Centre National | 30 | 256x128 (Voldoire et al.,
General Circulation | de Recherches (~1.4x 1.4°) | 2019)
Model (CNRM-CM6-1) | Météorologiques

(CNRM)
the Earth system (ES) | Centre National | 10 | 256x128 (Séférian et al.,
model of the second gener- | de Recherches (~1.4x 1.4°) | 2019)
ation (CNRM-ESM2-1) | Météorologiques

(CNRM)
the fifth generation of the | Institute for Numerical | 10 | 180x120 (Volodin and Grit-
INMCM climate model | Mathematics (INM) of (2.0x 1.5°) sun, 2018)
(INM-CM-5-0) the Russian Academy

of Sciences
the latest version of the | Institut Pierre-Simon | 32 | 144x143 (Boucher et al.,
IPSL  climate model | Laplace Climate Mod- (~2.5%x 1.3°) | 2020)
(IPSL-CM6A-LR) elling Centre (IPSL

CMO)
the Earth System Model | Max Planck Institute | 10 | 384x192 Miiller et al.,
version 1.2 (MPI-ESM1- | for Meteorology (MPI- (~0.9x 0.9°) | 2018)
2-HR) M)

Data from the Global ECMWEF Fire Forecast model (hereafter GEFF-ERAS) (Vitolo
et al., 2020) is used as an observational reference for the period 1979-2020. GEFF-ERAS
is produced by the European Forest Fire Information System of the Copernicus Emergency
Management Service and provides daily FWI data driven by input fields from the ERAS Re-
analysis (ERAS; Hersbach et al., 2020). GEFF-ERAS is taken as a realistic representation of
real-world day-to-day conditions and a reference against which model outputs are compared
(see section 4.2.4 in detail).

Monthly burned area data from the Global Fire Emissions Database Version 4 (GFED4;
Global Fire Emissions Database, 2022) were used to isolate ‘fire-prone’ regions of the
world (i.e., where evidence of past fires has been recorded). A 9-point smoothing with a
quadrilateral curvilinear grid of GFED4 data on all fields is employed in order to account for
the spatial randomness of fire occurrence during the relatively short time period for which
GFED4 data is available (1996-2016; van der Werf et al., 2017).
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4.2.3 Methodology

A probabilistic framework based on extreme value theory is used to estimate changes in
the probability of extreme fire weather. Annual maxima of both intensity (FWIx7day) and
duration (FWIxCD90) across all 165 years and all ensemble members are pooled and fitted
to the GEV distribution. To investigate the dependence of the fit on global warming, the
distribution is scaled with the corresponding 48-month running average in global mean
surface temperature (GMST) from the ensemble means. In contrast to taking GMST for each
ensemble member, this approach facilitates the estimation of responsiveness to externally
forced temperature changes. The scaled (and thus non-stationary) distribution is constructed
under the assumption that the location parameter 1 and the scale parameter ¢ have the
same exponential dependency on GMST, for which the ‘dispersion’ ratio o/ and the shape
parameter 0 remain constant (e.g., van der Wiel et al., 2017; van Oldenborgh et al., 2018;
Otto et al., 2018b; Eden et al., 2018; Krikken et al., 2021; Philip et al., 2020):

aT

M= Ho-exp— 4.1)
Ho
T

o =0, expa— 4.2)
(o)}

where [y and oy are the fit parameters of the stationary GEV distribution; &, as a function
of smoothed GMST anomaly T, represents the trend in fire indicator maxima. The three
parameters i, ¢ and 0 indicate the mean, the variability in the tail and the bound of the tail
of the distribution, separately. At each grid point, probabilities pO and pl of a given fire
weather extreme occurring in periods of low and high anthropogenic forcing (1880-1884 and
2010-2014 respectively) are estimated. Therefore, changes in likelihood expressed as the
‘probability ratio’ (PR) p1/p0, are quantified across all fire-prone regions around the world.
Additionally, changes in extremes in fire weather intensity are expressed as a percentage
change in magnitude (%MAG) and changes in extremes in fire weather duration are expressed
as a change in the number of consecutive days (durDays).

The scaled GEV approach is well-established and has been previously applied to ex-
tremes in heat (e.g., van Oldenborgh et al., 2018; Otto et al., 2018b; Eden et al., 2018) and
precipitation (e.g., van der Wiel et al., 2017), in addition to extremes in fire weather intensity

(Krikken et al., 2021). Here, for the first time, the approach is applied to the analysis of
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extremes defined by duration as well as by intensity on a global scale. The implementation
of the approach here also marks its first global application to fire weather extremes from

multiple large ensembles of the six CMIP6 models.

4.2.4 Model evaluation

According to Philip et al. (2020), the ability of climate models to represent a particular type of
extreme event is critical for attribution studies and can influence the accuracy and uncertainty
of attribution results. Here, we evaluate the capacity of each of the six CMIP6 models
to represent realistic distributions of fire weather extremes. The basis of this evaluation
is the comparison of a stationary GEV distribution (i.e., not scaled by GMST) fitted with
model-simulated annual maxima and a GEV distribution fitted with corresponding data from
the fire danger reanalysis, GEFF-ERAS5 (Vitolo et al., 2020). Assessment of the similarity
of the distribution parameters, and particularly the dispersion ratio and shape parameter of
each fit, reflects the suitability of each model at each target grid point. We conclude that,
for a given grid point, a model can realistically represent the distribution of extremes when
the dispersion ratio and shape parameter of the stationary GEV fit fall within the range of
95% confidence intervals determined for the dispersion ratio and shape parameter of a GEV
fitted with GEFF-ERAS data following a 1000-sample non-parametric bootstrapping method
(Efron and Tibshirani, 1998; van der Wiel et al., 2017).

4.3 Results

In this section, results focus on model evaluation and attribution analysis of extreme fire
weather intensity (section 4.3.1) and fire weather duration (section 4.3.2). This is followed
by a multi-model synthesis (section 4.3.3) to complete the full story of the fire weather

attribution. All the results are made throughout the world’s fire-prone regions.

4.3.1 Extremes in fire weather intensity
4.3.1.1 Model performance in simulating the extremes in fire weather intensity

To obtain a preliminary insight into the performance of the six CMIP6 large ensembles,
simulated global patterns of both the dispersion ratio (%) and shape parameter (&) for GEV
distribution fitted with FWIx7day, are compared with the GEFF-ERAS reanalysis for the
period from 1979 to 2014, with corresponding differences all shown in Figure 4.1.
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Figure 4.1: Dispersion ratio (%) derived from the stationary GEV fitted with FWIx7day for
the period 1979 to 2014 from the GEFF-ERAS reanalysis (a) and six CMIP6 ensembles
(b-g); corresponding differences between the reanalysis and the six CMIP6 models are shown
from (h) to (m). Similarly, shape parameter (£) from the GEFF-ERAS reanalysis (n) and six
CMIP6 ensembles (o-t) with corresponding differences between the reanalysis and the six
CMIP6 models from (u-z). Values in the bottom-left corner of each panel from (b-g) and (o-t)
show the root mean square error (RMSE) and spatial correlation coefficient (r) of each six
CMIP6 ensembles; while that from (h-m) and (u-z) show the percentage of overestimations
(%(+)) and underestimations (%(-)) among all the grid cells.
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With regard to the dispersion parameter, GEFF-ERAS produces high values in northwest-
ern and northeastern North America, some parts of equatorial South America, equatorial
Africa and northern and southern Asia (Figure 4.1a). According to the differences (RMSE)
and spatial correlation (r) between the reanalysis and models, CNRM-CM6-1 (Figure 4.1c)
and IPSL-CM6A-LR (Figure 4.1f) show reasonable level of agreements (r~ 0.7) with GEFF-
ERAS in many fire-prone regions of the world, in spite of the apparent inter-model differences
in northern South America, equatorial Africa and northern Asia, while CanESMS5 produces
the lowest correlation (Figure 4.1b). CNRM-ESM2-1 (Figure 4.1d), INM-CMS5-0 (Figure
4.1e) and MPI-ESM1-2-HR (Figure 4.1g) display a certain degree of similarity with GEFF-
ERAS (0.2<r<0.5), although they still overestimate (%(+)>50%) the results, particularly
around equatorial and southern South Africa, Central Asia (Figure 4.1j, k & m). The highest
overestimates (>80%; CanESMS5) of the extent of the dispersion ratio are shown in northern
and southern North America, central and southern Asia, northwest and southeast Australia
(Figure 4.1h). It is worth noting that there are apparent underestimations across eastern Eu-
rope presented by CNRM-CM6-1 (Figure 4.1¢), INM-CM5-0 and IPSL-CM6A-LR (Figure
4.11,1 & k).

Concerning the shape parameter (&) of the GEV fitted with GEFF-ERAS5 maxima, the
highest values appear in central and eastern North America, northern Europe, and some
parts of northern and southern Asia (Figure 4.1n). CanESMS5, CNRM-CM6-1 and IPSL-
CMG6A-LR are the most consistent models when compared with the GEFF-ERAS data,
exhibiting relatively small RMSE and a strong spatial correlation when compared with
the other ensembles (Figure 4.10, p & s), while INM-CMS5-0 produced the largest RMSE
values (0.22) and the weakest spatial correlations (0.15; Figure 4.1r). The other two models,
CNRM-ESM2-1 and MPI-ESM1-2-HR, show similar results in terms of RMSE and spatial
correlation, with inter-model differences especially apparent in northwestern and eastern
North America, central Europe and northeastern Asia (Figure 4.1q & t). Figure 4.1u-z
shows the spatial differences between GEFF-ERAS and the models with the shape parameter
overestimated in most of the world, indicating a heavier tail behaviour related to the extremes
in the distribution. Again, CanESM5 (Figure 4.1u) and CNRM-ESM2-1 (Figure 4.1w) show
the highest degree of overestimations (>60%), mainly in northern Asia. In general, the
representation of the shape parameter in the models is generally less spatially consistent than
that of the dispersion parameter.

In summary, the distribution of annual maxima taken from the CMIP6 ensembles is
in reasonable agreement with that of GEFF-ERAS annual maxima, although there are
some notable differences at the regional scale. Compared to GEFF-ERAS, CNRM-CM6-1
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and IPSL-CM6A-LR are the best-performing of the six climate models in terms of their
representation of the dispersion and shape parameters, while CanESMS5 and INM-CMS5-0 are
the most biased of the six 4.1.

4.3.1.2 Attribution of extremes in fire weather intensity

Based on the global probabilistic method introduced in section 4.2.3, the changes in the
likelihood of extreme fire weather (FWIx7day) due to climate change are quantified using
the GEV-scaling method for each climate model. For each grid box, the 95" percentile of
the annual maxima in modelled extreme fire weather from 1850 to 2014 was chosen as a
threshold defining extremes, from which we estimated the return level of events. Global
maps showing the probability ratio (PR) and change in magnitude (%MAG) between periods
of low and high anthropogenic forcing are presented in Figure 4.2.

Overall, there are several similarities in spatial patterns of both PR and %9MAG across
the six CMIP6 models. In response to externally forced global warming, a 2-fold increase
in the probability (PR>2) of extreme fire weather is witnessed in many regions across the
globe, such as central and southern North America, northern South America, and southern
Africa (Figure 4.2a-f). This corresponds to an increase of at least 10% in the magnitude
of extreme fire weather (Figure 4.2g-1). Regions with increasing likelihoods in %MAG are
mainly similar to that identified in PR for each model. In contrast, in terms of the occurrence
of extreme fire weather conditions, northern North America and central Africa reflect a
decrease in likelihood (PR<1) across all six climate models (Figure 4.2a-f), and are generally
in line with the results of observed global fire weather associated with climate change (Liu
et al., 2022a).

There are some similarities in the spatial patterns across the six CMIP6 models, but many
areas show sensitivity to the choice of model. For instance, CanESMS, INM-CM5-0 and,
particularly, IPSL-CMO6A-LR show a strong decrease in the likelihood (PR<1) of FWIx7day
over northern North America (Figure 4.2a, d & e), while other models present a relatively
small increase in the likelihood of such conditions (PR>1; Figure 4.2b, ¢ & f). The CNRM-
CM6-1 and INM-CMS5-0 models are the only ones showing a decrease in the likelihood of
extreme fire weather in central North America (Figure 4.2b) and in many parts of South
America (Figure 4.2d), respectively. Such discrepancies between models are also found
in northern and central Asia: i) decreasing PR over northern Asia and central Asia using
CanESMS (Figure 4.2a); i1) decreasing (increasing) PR over northern Asia (Central Asia)
using CNRM-ESM2-1 and INM-CM5-0 (Figure 4.2¢-d); iii) increasing (decreasing) PR are
found over northern Asia (Central Asia) in CNRM-CM6-1 (Figure 4.2b); iv) IPSL-CM6A-LR
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Figure 4.2: Global maps showing probability ratio (PR; left) and percentage change (%2MAG;
right) in extremes in FWIx7day for six CMIP6 models. The non-stippled areas indicate where
the dispersion ratio and shape parameter of the GEV fitted with model-simulated FWIx7day
falls within the 95% confidence interval range for the dispersion ratio of the GEV fitted with
GEFF-ERAS data. Numbers in the bottom-left corner represent the globally averaged PR
(left) and %MAG (right), and the percentage of the burnable world (%sig) for which PR and
90MAG results passed the evaluation.
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(MPI-ESM1-2-HR) shows a decreasing (increasing) PR in almost the entirety of northern
and central Asia (Figure 4.2e-f). In Australia, such discrepancies also exist: an increase in
likelihood can be found in most areas in CanESMS5, CNRM-ESM2-1 and IPSL-CM6A-LR
(Figure 4.2a, ¢ & e), while other models show a combination of increased and decreased
change in likelihood (Figure 4.2b, d & f). Further section of model synthesis results can be
found later in the chapter.

4.3.2 Extremes in fire weather duration
4.3.2.1 Model performance in simulating the extremes in fire weather duration

To assess the performance of the six CMIP6 large ensembles in representing the distribution
of extremes in fire weather duration, simulated global patterns for individual parameters of a
stationary GEV distribution fitted with FWIxCD90 were compared to distribution parameters
from GEFF-ERAS over the period 1979-2014 (Figure 4.3).

In terms of their capacity to realistically simulate the distribution of FWIxCD90, CMIP6
models produce GEV parameters that compare reasonably well with the GEFF-ERAS
reanalysis. Looking at the dispersion ratio, %, correlation results show values between 0.3
and 0.7 across most of the world (Figure 4.3a-g). All models with the exception of IPSL-
CMO6A-LR reproduce spatial variability relatively well (r>0.5), with regional differences
most apparent in northern North America and South America, northern and southern Asia
(Figure 4.3a-g). Regions associated with high values of dispersion ratio (as identified in
GEFF-ERADJ), including central and southern North America, eastern Europe, northwestern
Asia and equatorial Asia, are reproduced well by CNRM-CM6-1 (Figure 4.3c), CNRM-
ESM2-1 (Figure 4.3d), INM-CMS5-0 (Figure 4.3e) and MPI-ESM1-2-HR (Figure 4.3g).
CanESMS overestimates the dispersion ratio almost all over the fire-prone regions (>80%;
Figure 4.3h), the only exception is central South America, while the rest five models are
all underestimated (Figure 4.31-m). Substantial overestimations are also found almost all
over Australia shown by INM-CMS5-0 (Figure 4.3k) and IPSL-CM6A-LR (Figure 4.31), with
underestimations reproduced by CNRM-CM6-1 (Figure 4.31), CNRM-ESM2-1 (Figure 4.3j)
and MPI-ESM1-2-HR (Figure 4.3m) in eastern Australia.

For the shape parameter, £, GEFF-ERAS displays a substantial variation worldwide
(Figure 4.3n). Corresponding spatial correlations between the observations and the six
models show some level of agreement, with the highest correlation results around 0.3
reproduced by CanESMS5 (Figure 4.30) and MPI-ESM1-2-HR (Figure 4.3t). Five of the six

models show more than half of the underestimations (%(-)>50%) over all grid cells, are
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Figure 4.3: Dispersion ratio % and shape parameter (§) derived from the stationary GEV
fitted with FWIXxCD90 for the period 1979 to 2014 from the GEFF-ERAS reanalysis (a)
and six CMIP6 ensembles (b-g); corresponding differences between the reanalysis and the
six CMIP6 models are shown from (h) to (m). Similarly, shape parameter (§) from the
GEFF-ERAS reanalysis (n) and six CMIP6 ensembles (o-t) with corresponding differences
between the reanalysis and the six CMIP6 models from (u-z). Values in the bottom-left
corner of each panel from (b-g) and (o-t) show the root mean square error (RMSE) and
spatial correlation coefficient (r) of each six CMIP6 ensembles; while that from (h-m) and
(u-z) show the percentage of overestimations (%(+)) and underestimations (%(-)) among all
the grid cells.
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mainly scattered around southern South Africa, North and Central Asia (Figure 4.3u-z). The
only exception is MPI-ESM1-2-HR (Figure 4.3z), with strong overestimation in eastern
South Africa and northeast Asia.

Again, concerning the dispersion and shape parameters in the distribution, MPI-ESM1-2-
HR is the best-performing of the six climate models when compared to GEFF-ERAS, while
IPSL-CM6A-LR is the most biased of the six.

4.3.2.2 Attribution of extremes in fire weather duration

Figure 4.4(a)-(1) shows a global map of the probability ratio (PR) and change in FWIxCD90
(durDays) at each grid point across the six CMIP6 models. Overall, for the period 2010-2014,
the probability of more prolonged extreme fire weather conditions has markedly risen by
a factor of two on a global scale compared to the 1880-1884 period (Figure 4.4a-f). This
equates to an increase of at least 10 days in the maximum duration of extreme fire weather
events in response to externally forced temperature rise (Figure 4.4g-1). In particular, the
most pronounced increases in the likelihood of more prolonged extreme fire weather occur
in southern North America, almost all over South America, southern Africa, Central and
Southeast Asia and parts of Australia (Figure 4.4a-f). However, we note that northern
North America (CanESMS5 and IPSL-CM6A-LR; Figure 4.4a & e) and equatorial Africa
(CNRM-CM6-1, CNRM-ESM2-1 and MPI-ESM1-2-HR; Figure 4.4b,c,f) are associated
with a substantial (up to fourfold) decrease in the likelihood of FWIXCD90. This indicates
that in these models the maximum duration of extreme fire weather tends to decrease in
response to externally forced warming temperature.

The fact that different models produce different distributions of extremes highlights
the sensitivity of studies on fire weather extremes to the models used in their analysis. In
many regions, this sensitivity is especially evident. For central North America, western and
southern Europe, the maximum duration of extreme fire weather simulated by CanESMS,
INM-CMS5-0, IPSL-CM6A-LR and MPI-ESM1-2-HR shows an upward trend in PR (Figure
4.4a, d, e & f), while a downward trend in PR is found using CNRM-CM6-1 and CNRM-
ESM2-1 (Figure 4.4b & c). This regional divergence between climate models is more
common in Asia. For example, in northern Asia, where wildfires occur more prevalently,
CNRM-CM6-1, IPSL-CM6A-LR and MPI-ESM1-2-HR show a significant increase in the
likelihood of maximum duration of extreme fire weather (Figure 4.4b, e & f), but the other
three models show the opposite change in likelihood (Figure 4.4a, ¢ & d). These patterns
and deviations in regional distribution also appear in Australia, with most regions showing

potential increase in the likelihood of more prolonged extreme fire weather conditions (Figure
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Figure 4.4: Global maps showing probability ratio (PR; left) and the absolute changes
(durDays; right) in FWIxCD90 for the six CMIP6 models. The non-stippled areas indicate
where the dispersion ratio and shape parameter of the GEV fitted with model-simulated
FWIx7day falls within the 95% confidence interval range for the dispersion ratio of the
GEV fitted with GEFF-ERAS data. Numbers in the bottom-left corner represent the globally
averaged PR (left) and durDays (right), and the percentage of the burnable world (%sig) for
which PR and %MAG results passed the evaluation.
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4.4a, b, c & e). Meanwhile, some models, such as INM-CM5-0 or MPI-ESM1-2-HR (Figure
4.4d, f), suggest a decreasing probability of prolonged extreme fire weather conditions in the

southern or northern regions of Australia.

4.3.3 Attribution synthesis across multiple models

Combining results from different models often relies on simple multi-model averaging,
without thorough consideration of the extent of inter-model spread or individual model
performance. In this subsection, we firstly assess consensus among the six model ensembles,
and secondly, explore the value of a model evaluation and selection step in synthesising
multi-model attribution results.

Figure 4.5 summarises to what extent the six CMIP6 models agree on the tendency of the
change in likelihood in extremes of fire weather intensity (Figure 4.5a) and duration (Figure
4.5b). The result suggests that, as a result of the externally forced warming temperature,
54.3% of the grid cells show an increased likelihood of both extreme fire weather intensity
and duration when the number of model agreements is larger than three. All models simulate
an increased likelihood of prolonged and high-intensity events in large parts of the world’s
fire-prone regions, including areas that have witnessed severe fire episodes in recent years
(most notably southern Europe). An increase in likelihood in at least five of the six models is
apparent across much of the Americas, southern Africa, Australia and eastern Asia. Models
agree on an increased likelihood of the length of extreme fire weather episodes, but there is
less consensus on the change in intensity. Regions of lower model agreement include large
parts of the boreal forests and Canada and Eurasia, particularly with respect to intensity, in
addition to central Africa and southeast Asia.

As discussed by Liu et al. (2022a), the use of a common method and event definition
allows for the attribution of changes at various locations and from multiple data sources to
be combined. However, combining attribution statistics from different climate models may
prove troublesome if there are clear differences in model performance. Figure 4.5 clearly
demonstrates a regional dependence in model agreement. It is important to understand the
extent to which such discrepancies are due to model performance for the attribution analysis
to be as robust as possible. Here, we apply a model evaluation and selection step to identify
models that can realistically reproduce the dispersion and the shape of the distribution of fire
weather extremes. All models that meet the evaluation criteria can therefore be combined

to produce global attribution results that, in principle, are more robust and reliable than
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Intensity Duration

Figure 4.5: Maps showing the number of climate models that present an increased likelihood
of extremes in (a) fire weather intensity and (b) fire weather duration across the six CMIP6
models. Results are presented on the resolution of MPI-ESM1-2-HR. Areas approaching red
(blue) indicate that an increasing number of models show a positive (negative) change.

those that would be produced by combining the results of all models irrespective of their
performance.

Figure 4.6 illustrates multi-model global probability ratio maps constructed, firstly, from
a conventional averaging of the probability ratios simulated by all six CMIP6 models (Figure
4.6a-b) and, secondly, selective averaging only those models that pass an evaluation and
selection step (Figure 4.6¢c-d) a model evaluation and selection step. The evaluation criterion
is defined by a GEV dispersion ratio that falls within the range of the 95% confidence
intervals for the dispersion ratio of the GEV fitted by GEFF-ERAS data.

The global PR map in Figure 4.6a-b, based on the first, conventional synthesis, shows
relatively small changes in the probability of extremes in both FWIx7day and FWIxCD90.
Only a few regions such as northern South America, southern Africa and southern Asia,
show an approximately two-fold increase in the probability of the fire weather extremes in
both intensity and duration of days. There are no particularly strong or prominent trends,
especially in the areas with decreasing probabilities, which is only present in a small part of
the equatorial region of Africa. However, the conventional synthesis may underestimate the
range of probabilities to some extent compared to the selective synthesis, which is shown
in Figure 4.6¢c-d. In contrast to the conventional synthesis, the selective approach considers
the individual performance of each model and combines the results of those that perform
well. The outcomes show an even more remarkable degree of variability, with southern North

America, south-eastern Europe and southwestern and south-eastern Australia exhibiting an
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Figure 4.6: (a-d) Composite plots showing the average PR for trends across (a)-(b) all the six
CMIP6 models in FWIx7day (a) and FWIxCD90 (b); (c)-(d) CMIP6 models that sufficiently
well-reproduce the dispersion of the distribution and the parameter of the shape of extremes
in FWIx7day (c) and FWIxCD90 (d). Additional white areas indicate the regions where no
climate model met the evaluation criteria. Values in the bottom-left corner of each panel
from (a-d) show the globally averaged PR and the percentage of the burnable world that
shows an increase in PR (%PR(+)). (e) Changes in the average PR across all the six CMIP6
models (a) and the selected models (c) in FWIx7day. (f) as (e) but across all the six CMIP6
models (c¢) and the selected models (d) in FWIxCD90. Numbers in the bottom-left corner
represent the percentage of the burnable world that shows an increase (%PR(+)) or decrease
(%PR(-)) in PR. (g-h) Line charts for the number of grid cells (left axis) and the percentage
(right axis) of uncertainty changes in PR range between the result across all the six CMIP6
models and evaluated results in FWIx7day (g) and FWIxCDO90 (h). Values in the bottom-left
corner of each panel show the percentage of the decreasing changes in the PR range across
the burnable world.
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apparent rise in PR of approximately four times to the fire weather extremes in intensity and
duration of days (Figure 4.6¢-d), in addition to northern South America, southern Africa and
southern Asia regions mentioned in Figure 4.6a-b. Correspondingly, twofold decreases in
likelihood of the fire weather extremes in both intensity and duration of days are not only
encountered in the equatorial regions of Africa previously mentioned (Figure 4.6a-b), but are
also apparent in northern North America and most parts of northern and central Asia. It is
notable that changes in PR for both FWIx7day and FWIxCD90 tend to be spatially consistent,
i.e., the higher the probability of an increase in fire weather intensity, the longer the duration
of the fire weather and, conversely, the lower the intensity the shorter the duration.

For each grid cell, Figure 4.6e-f displays the changes in PR of extreme fire weather
intensity and duration of days between these two approaches. Results after the model
evaluation and selection step manifest the variations of under- and over-estimations all around
the world compared to the conventional synthesis, particularly the underestimations in eastern
Europe and north-western Asia, overestimations in northern Asia in fire weather intensity
(Figure 4.6e). Regarding the duration of extreme fire weather, we find underestimations in
southern North America and the overestimations in northern North America in fire weather
duration (Figure 4.6f).

Concerning each grid cell, the percentage of uncertainty changes in the range of PR
(0-100%) is shown in Figure 4.6g-h. The range is provided by the lowest and highest PR
among evaluated CMIP6 models, while the change of the range is according to the two
synthesis approaches applied in Figure 4.6a-d. Overall, the global changes for both fire
weather intensity (Figure 4.6g) and fire weather duration (Figure 4.6h) are 45.1% and 39.1%,
as a decrease in the range of PR, separately. There is a positive trend in the number of
grid cells reaching the averaged values (45.1% for fire weather intensity and 39.1% for
fire weather duration) and a negative trend after that. This statistical analysis manifests
the variation in PR ranges between the results of all the six climate model large ensembles.
Subsequently, results of the model ensembles that passed the evaluation, clearly reveal the
sensitivity of the application of large climate model ensembles and the importance of model

evaluation and a selection step.

4.4 Discussion and conclusions

The occurrence and subsequent impact of severe wildfires in recent years has heightened
scientific, public and media curiosity about how such events are linked to a changing climate.

Attribution analysis of extreme wildfires requires a distinction to be made between the fire
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itself and the meteorological conditions that coincided with it. Studies seeking to attribute
episodes of extreme fire weather are historically rare in comparison to flood- and drought-
related studies, for instance. However, as the number of wildfire attribution studies begins
to grow, there is a clear need to continue to build an understanding of the sensitivities and
sources of uncertainty associated with the findings of such studies, particularly with respect
to the latest generation of climate models.

Here, an established statistical methodology was used to conduct the first global proba-
bilistic attribution of extreme fire weather intensity and duration based on six large ensembles
from CMIP6. The approach taken and the findings drawn are important for several reasons.
Firstly, established statistical methods are applied to six large CMIP6 model ensembles (i.e.,
at least 10 members) to probabilistically attribute extreme fire weather in fire-prone areas
throughout the world, thereby quantifying the extent to which climate change alters the
likelihood and magnitude of extreme fire weather intensity and duration. The additional steps
of model evaluation and selection add a layer of robustness to the findings that have often
been absent in previous attribution analyses. Secondly, this work represents the first time that
the scaled GEV approach has been used in the analysis of extremes in fire weather duration,
in addition to fire weather intensity, simulated by multiple climate models. Thirdly, the
results clarify the uncertainties and sensitivities associated with the selection of representative
climate models for fire weather, particularly concerning the attribution of extreme events.

Using six large ensembles from CMIP6, attribution analysis of extremes in fire weather
intensity was first presented to provide an understanding of the performance of the fire
weather indicator FWI in fire-prone regions of the world, the risk-related assessment of
fire weather hazards and trends in their probabilistic variability. In most fire-prone regions
of the world, the majority of models show an increase in the likelihood of extreme fire
weather occurrence since the pre-industrial era as a response to global warming, and this
trend is broadly consistent with the current understanding of global fire weather activity and
its relationship to climate change (Jain et al., 2022; Liu et al., 2022a). However, for some
regions, the discrepancies between models are pronounced, demonstrating the non-negligible
and large uncertainties associated with a single model, and the importance of integrating
results from multiple climate models. It is also worth noting that in some regions, especially
in equatorial rainforest regions, higher relative humidity due to warming temperatures may
prevent extreme fire weather occurrence (Liu et al., 2022b).

Applying the same six large ensembles, we then analysed probabilistic changes in
extremes in fire weather duration. We found an increasing trend in probabilities of fire

weather extremes in duration of days across most of the globe, which appear consistent
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with the increasing probability of high-intensity extreme fire weather conditions. This is
accompanied by a decreasing trend in probabilities of prolonged fire weather extremes for
a small number of specific regions, such as northern North America and equatorial Africa.
Notably, it was found that the upward trend in the probability of extreme fire weather intensity
tends to be paired with an increase in its duration, i.e., the occurrence of more intense fire
weather also predicts a greater likelihood of a prolonged duration of the weather phenomenon.

Finally, a synthesis was generated from the results of the set of six climate models.
Following a model evaluation and selection step, an averaging of results across multiple
models was limited to those models that met performance criteria. A more reliable and
specific global probability ratio plot reflects the changing likelihood of the fire weather
extremes in intensity and duration of days. The results confirm an increasing trend in the
probability and duration of extreme fire events corresponding to global warming as a feature
of climate change, particularly in southern North America, south-eastern Europe and south-
western and south-eastern Australia, where the probability of this increase is up to four times
more likely compared to the pre-industrial era.

The results of this study also highlight the sensitivity of the probabilistic attribution of fire
weather extremes to the choice of climate models. Single models suffer from unavoidable
biases, while a simple combination of multiple models can lead to a significant underesti-
mation of results under some circumstances. Therefore, the following recommendations
are made for the attribution of future extreme fire weather events: (i) the use of ensembles
of multiple models; (i) comparison of results between models; (ii1) a robust assessment of

model capacity to represent extreme fire weather is required.



Chapter 5
Application of framework to case studies

Abstract - In recent years, the occurrence of a series of devastating wildfires events around
the world has raised considerable public concern about how climate change is altering
meteorological conditions conducive to such events. The relative scarcity of wildfire attri-
bution studies, coupled with the limited observational record, has added to the difficulty
of developing reliable collective conclusions for future forest management strategies. The
preceding chapters have discussed the uncertainties and sensitivities associated with the
choice of meteorological indicator to represent fire weather (cf. Chapter 3) and the validation
of climate model ensemble in the context of extreme event attribution (cf. Chapter 4), but
the value of linking the attribution of recent record-breaking and high-impact wildfire events
with future risk assessment has not yet been fully explored.

This chapter consists of three independent case study analyses of recent high-impact
wildfire episodes, namely those that occurred in Siberia in July and August 2020 (cf. section
5.1), in Cape Town, South Africa in April 2021 (cf. section 5.2) and across the Euro-
Mediterranean region in June to August 2022 (cf. section 5.3). The scale, duration and
impacts differ between each wildfire event, but all occur in regions that have, to date, been
underrepresented in the event attribution literature (Fig. 1.7). Each case study follows the
empirical-statistical framework and its application to one or more climate model ensembles,
thereby drawing on the findings of Chapters 3 and 4. In addition to constituting robust
attribution analyses of recent high-impact wildfire episodes, the case studies demonstrate
the applicability of the framework to different event types with varying methodological
emphases. The emphasis of each case study with respect to the framework is summarised in
Figure 5.1.

The key differences in methodological emphasis stem from the spatiotemporal scale

of each event, spanning the single-day wildfire with very localised impacts experienced in



94 Chapter 5

Figure 5.1: Schematic to show the nature and analytical emphasis of the three case studies.

Cape Town in April 2021 (section 5.2) to the regional-to-continental scale events that spread
across Siberia (section 5.1) and the Euro-Mediterranean region (section 5.3) in 2020 and
2022 respectively. In the case of the latter event class, the use of a common spatiotemporal
definition allows for multiple episodes of extreme fire weather to be attributed collectively.
Climate model output is utilised in each case study, with the most appropriate model(s)
selected on the basis of performance and/or ensemble size. Whereas the primary focus
of each case study is to understand how the nature of a particular event type has changed
in response to climate change, the analysis of the Euro-Mediterranean wildfires aims to
seamlessly extend the framework toward future risk assessment by quantifying changes

associated with projected global warming levels (section 5.3).

5.1 Case study 1: 2020 Siberia wildfires

Were Meteorological Conditions Related to the 2020 Siberia Wildfires Made More Likely by
Anthropogenic Climate Change?
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5.1.1 Introduction

The summer of 2020 saw Siberia hit by widespread wildfires for a second consecutive year.
By September alone, 14 million hectares had been burnt by more than 18,000 individual
fires (Witze, 2020). The 2020 fires were responsible for the emission of approximately 350
megatonnes of carbon, more than four times the annual average observed across Siberia
during the preceding two decades (Ponomarev et al., 2021). While fire activity is common in
Siberia, accounting for between 8.5% and 25% of the annual burned area worldwide (Kharuk
et al., 2021), it was the dominance of fires at northerly latitudes that made the 2020 event
truly exceptional. Fires beyond 65°N typically account for <10% of Siberia’s annual total
burned area — their contribution during 2020 exceeded 25%, the largest observed since 2001
(Conard and Ponomarev, 2020), promptly raising concerns about the growing influence of
wildfires on permafrost thaw (Kim et al., 2020) and greenhouse gas emissions (Ponomarev
et al., 2021).

During 2020, spring and summer temperatures were abnormally high across Siberia. At
Verkhoyansk in Yakutia (67°33’N 133°23°E), a new record of 38°C was set for the highest
daily maximum temperature ever recorded north of the Arctic Circle (WMO, 2020). A
comprehensive study conducted by the World Weather Attribution consortium concluded
that such intense temperature, spanning such a large area, would have been almost impos-
sible during the first half of 2020 without the influence of human-induced climate change
(Ciavarella et al., 2021).

While this period of extreme heat was undoubtedly an important factor driving wildfire
activity, a specific assessment of the contribution of human-induced climate change should
account for other meteorological factors that collectively present fire-conducive conditions.
Such an assessment is made challenging by Siberia’s vast geographical extent and varied
climatology. Here, we isolate Siberia’s most intense fire episodes during 2020 and quantify
the influence of global warming on the meteorological conditions associated with each. The
collective analysis of a series of individual events that formed part of a larger phenomenon
constitutes a unique aspect of this study. In our analysis of individual fire hotspots, we
maintain a consistent spatiotemporal event definition, allowing for comparisons of results at

different hotspots.

5.1.2 Data and Methods

Throughout the study, fire-conducive meteorological conditions are defined by the Canadian

Fire Weather Index (FWI; Van Wagner, 1987), a widely-used metric based on relative
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humidity, surface wind speed, precipitation, and temperature to quantify forest fire danger.
It forms the basis of global fire weather datasets (Field et al., 2015; Vitolo et al., 2020) and
the Global Wildfire Information System. Our study region is defined by the West, East, and
Northeast Siberian taiga ecoregions (Olson et al., 2001), which collectively constitute an
area of 6,700,000 km? and represent some of the most extensive areas of natural forests in
the world. The location and intensity (defined by fire radiative power) of fire events during
the April-September 2020 fire season were determined using satellite-derived data from the
Visible Infrared Imaging Radiometer Suite (Schroeder et al., 2014), made available via the
Fire Information for Resource Management System (FIRMS). Historical FWI data for the
period 1979-2020 are taken from the global fire danger reanalysis (0.25° resolution; Vitolo
et al., 2020) produced by the Copernicus Emergency Management Service for the European
Forest Fire Information System. Simulations of historical FWI data for the period 1880-2014
(~0.7° resolution) are taken from the CNRM-CM6-1 general circulation model (Voldoire
et al., 2019) developed for the sixth phase of the Coupled Model Intercomparison Project
(CMIP6; Eyring et al., 2016). This model is chosen due to (a) the availability of a relatively
large (30-member) ensemble, and (b) its capacity to realistically represent extreme FWI
statistics across Siberia (Gallo Granizo et al., 2021).

We conduct independent attribution analysis at a series of 13 ‘hotspots’ associated with
the most intense 2020 fires (see section 5.1.5 for details). The ‘2020-type event’ is defined
at each hotspot as the April-September maximum value of 7-day mean FWI (hereafter
FWIx7day) occurring within the hotspot’s spatial domain. A statistical method based on a
time-dependent Generalised Extreme Value (GEV) distribution, frequently applied to both
observational and climate model data in previous work (e.g., Schaller et al., 2014; Eden
et al., 2016; van der Wiel et al., 2017; Eden et al., 2018; Otto et al., 2018b; Krikken et al.,
2021), is used to estimate the change in probability of a 2020-type event as a result of
global warming. For each hotspot, a pool of spatial maxima in FWIx7day from all 135
years and all 30 ensemble members are fitted to a GEV distribution in which the location
U and scale o parameters are assumed to scale linearly with 4-year smoothed global mean
surface temperature (GMST; GISTEMP Team, 2022; Lenssen et al., 2019. Both the shape &
parameter and the % ratio remain constant (Philip et al., 2020).

At each hotspot, we evaluate the return time, and hence the probability, of a 2020-type
event occurring in a ‘past’ climate of 1880 (p0) and a ‘present’ climate of 2020 (p1). Changes
in the likelihood of 2020-type events are quantified using the probability ratio (PR) pO/p1.
We also calculate the percentage change in FWI magnitude (%MAG) between a 2020-type
event and an event of comparable likelihood occurring in 1880. Following the evaluation
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of the model’s representation of extreme FWI statistics, a simple bias correction is used to
account for systematic discrepancies between the reanalysis and CNRM-CM6-1 (see section
5.1.5 for details). Confidence intervals (CIs) for each GEV fit, and subsequently for both PR

and %MAG, are estimated with a 1,000-sample non-parametric bootstrap.

5.1.3 Results

Fires were widespread throughout the study region during April-September 2020 (Figure
5.2a). The most intense fires occurred in several clusters and generally north of 60°N. The
highest-intensity fires were detected throughout the fire season, with a large proportion
occurring between mid-June and August (Figure 5.2b). The individual fire detections at the
centre of each hotspot all reside in the upper tail of the fires’ empirical cuamulative distribution
function (Figure 5.2¢). The 2020 anomalies in FWIx7day were largest in central and northern
Siberia, especially to the west of the Verkhoyansk mountains and across the Kolyma lowland
(Figure 5.2d) where a large portion of 2020 FWIx7day values are among the highest 5%
of annual maxima observed since 1979 (Figure 5.2¢). At eight of the 13 hotspots, both the
probability (PR > 1; Figure 5.3a-b) and magnitude (%2MAG > 0; Figure 5.3c) of a 2020-type
event increased between 1880 and 2020. The likelihood has increased by a factor of 1.1-1.8
corresponding to a change in magnitude of 2-6%; this is significant at the 95% confidence
level at five hotspots (Figure 5.3e-1). Small decreases in both probability and magnitude are
found at the remaining five hotspots (Figure 5.3b-c), of which only hotspot A at the western
fringes of the fire-affected area is statistically significant (PR = 0.81; CI range 0.71-0.93;
Figure 5.3d).

Positive changes in likelihood are found at the four hotspots (C, H, K and M) residing
north of 65°N, where the exceptionality of 2020 fire weather is evidenced by large anomalies
(>10 FWI units) amounting to some of the highest of FWIx7day values observed since 1979
(Figure 5.1d-e). At hotspot C, the likelihood of a 2020-type event is found to have increased
by more than 30% (PR = 1.33; CI range of 1.10-1.55; Figure 5.3¢e). A change of almost 20%
is found at hotspot H but is not significant at the 95% level. Further east, significant increases
in likelihood are found at hotspots K, M and, further south, L (Figure 5.3g-1). At hotspot K,
which represents an area of the Kolyma lowland that witnessed several extreme fires (FRP >
700MW; Figure 5.2a), a 2020-type event has become almost 80% more likely since 1880
(PR =1.78; Cl range of 1.22-2.58; Figure 5.3g). Significant, though smaller, increases are
found at hotspots L (PR = 1.57; CI range of 1.29-1.1; Figure 5.3h) and M (PR = 1.15; CI

range of 1.02-1.28; Figure 5.3i). FWI extremes across the eastern region are likely to be
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Figure 5.2: (a) Locations and intensity of April-September 2020 fires detected by FIRMS.
Only detections that meet the FIRMS ‘high-confidence’ criteria are shown. Point size and
colour show fire radiative power in megawatts (MW) as an indicator of fire intensity. Siberian
ecoregions shown in green. (b) Maximum 7-day mean FWI during April to September 2020
expressed as an anomaly of the 1979-2019 mean annual maxima. In both (a) and (b), the
shaded areas within the dashed circles show the location of the 13 hotspots.
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linked to episodes of extreme heat across northern Siberia, but further analysis would be
required to connect the attribution of FWI maxima at these hotspots to that of the distribution
of extreme heat during the first half of 2020 (Ciavarella et al., 2021).
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Figure 5.3: (a) Location of 13 fire hotspots and the overall sign change in likelihood of a 2020-
type event between 1880 and 2020 (red: increase; blue: decrease; solid lines: significant;
dashed lines: not significant). (b) PR calculated at each hotspot; bars show 95% Cls following
non-parametric bootstrapping; central value shown in bold. (c) As (b) but for %MAG. (d)-(i)
Gumbel plots for significant hotspots, showing the GEV model fit scaled to the smoothed
GMST of 1880 (blue) and 2020 (red). Shading represents the 95% Cls. The magenta lines
represent the 2020 FWIx7day events, scaled to the model distribution using bias correction.
The blue (red) bars represent the 95% Cls for the return period of a 2020-type event in the
climate of 1880 (2020).
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5.1.4 Conclusions

Hotspots west of the Verkhoyansk range are not associated with significant increases in
likelihood despite being representative of the most intense fire clusters across the central
Siberian plateau. At hotspots B and E, which correspond to areas of particularly intense fires
and large FWI anomalies during 2020, the likelihood of 2020-type conditions was found to
have decreased by approximately 10-20% (not significant at the 95% level). The increase in
likelihood of more than 20% (PR = 1.21; CI range 1.03-1.46) at the most southerly hotspot,
D, is striking given that it is unlikely to be linked explicitly to the extreme heat in the north
(Figure 5.3f).

Our analysis has sought to quantify the role of human-induced climate change on fire
meteorological conditions associated with the most intense fire episodes, occurring in Siberia
over the 2020 fire season. Previous work has identified the fingerprint of human influence on
the extreme heat during the beginning of the year (Ciavarella et al., 2021). To complement
such work, we considered the link between long-term global temperature and the meteorolog-
ical parameters that collectively constitute extreme fire weather. We applied an established
statistical method to output from CNRM-CM6-1 to quantify the long-term influence of
global temperature trends on annual fire weather maxima separately at a series of regions
experiencing the most intense fire activity. By averaging the results at different hotspots, we
found that fire weather extremes are (a) around 10% more likely across the study region on
average, and (b) up to 80% more likely in north-east Siberia, as a result of global warming.

The inter-hotspot differences are intriguing and merit further analysis to quantify the
factors that contribute toward trends in extreme fire weather in this vast region. More
generally, the results highlight the sensitivity of the findings of wildfire attribution analysis to
the spatiotemporal characteristics used to define the event, either in terms of the impact (i.e.,
the fire intensity) or the prevailing meteorology (i.e., FWI). Results are also expected to be
sensitive to the choice of general circulation model, which is an important additional source
of uncertainty. While our analysis is based on a model that has been shown to realistically
represent fire weather across Siberia (Gallo Granizo et al., 2021), further study would benefit

from the inclusion of multiple models.

5.1.5 Supplementary material

The hotspots were defined by a 250-km radius and constructed using a stepwise approach to
ensure that (a) they represent the immediate vicinity of the most intense fires, and (b) there is

no overlap between them. All fires with fire radiative power (FRP) > 300 MW were selected
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and ranked by FRP. This set corresponds approximately to the highest 1% of FRP values
among fires detected between April and September 2020. The first hotspot was centered on
the location of the most intense fire; all smaller fires within two hotspot radii of this point
were then removed from the ranked selection to ensure that none of the hotspots overlapped.
The process was repeated for the fire with the next highest FRP, and so on until all fires had
been assigned to a hotspot.

To assess the change in risk associated with a 2020-type event in the model, it is necessary
to account for systematic discrepancy between the ERAS5-driven global fire danger reanalysis
(Vitolo et al., 2020) and CNRM-CM6-1. The mean (standard deviation) of FWIx7day
maxima across the 13 hotspots was 38.7 (7.2) in the reanalysis and 42.5 (12.5) in CNRM-
CM6-1. The % ratio of a GEV distribution fitted with CNRM-CM6-1 data (mean = 0.26;
range = 0.18—0.35) compares favorably with that fitted with reanalysis data (mean = 0.25;
range: 0.13-0.33), suggesting that the application of a simple additive bias correction to
transform the reanalysis-derived maxima to match the distribution in CNRM-CM6-1 is
appropriate (e.g., Philip et al., 2020). Corrections were based on the difference in u between
the reanalysis- and model-fitted GEV distributions (mean = 3.8; standard deviation = 8.5).

5.2 Case study 2: 2021 Cape Town wildfire

The April 2021 Cape Town wildfire: has anthropogenic climate change altered the likelihood

of extreme fire weather?

5.2.1 Introduction

In April 2021, a devastating wildfire tore through the iconic Table Mountain area of Cape
Town, South Africa (Table Mountain National Park, 2021). Following a human-induced
ignition on the morning of 18 April, worsening weather conditions led to increased fire spread
that lasted until the afternoon of 20 April when the fire was eventually extinguished. The
fire burned across more than 600 hectares of wildland (Palm, 2022), with its incursion into
urban areas resulting in widespread evacuations and several hospitalisations (Davis, 2021).
Up to 1 billion ZAR (approximately 60 million USD) worth of damage to buildings and
infrastructure was incurred by the University of Cape Town campus alone3, and irreplaceable
collections in its Jagger Library were destroyed. While summer wildfires are common in
the Cape Town area, the rapid spread, spotting behaviour and unprecedented impacts of this

fire so late in the fire season, which is usually considered to run from mid-November to
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mid-April (Forsyth and Bridgett, 2004; Christ et al., 2022), raise important questions about
the challenges in responding to changing fire regimes at the wildland-urban interface.

The first three weeks of April 2021 were abnormally warm and dry along South Africa’s
west coast, at the southern tip of which Cape Town is situated. These conditions were highly
conducive to wildfire ignition and spread. Previous work has demonstrated a link between
extreme hydroclimatic events in the surroundings of Cape Town and anthropogenic climate
change, most notably in an attribution study of the 2015-2017 drought (Otto et al., 2018b).
While such droughts are likely to enhance fire risks, a quantification of how climate change
has altered the likelihood of extreme weather conducive to late-season fires is worthy of
dedicated analysis. Here, we analyse the exceptional nature of the meteorological conditions
that coincided with the April 2021 event. Using an established probabilistic methodology
applied to fire weather extremes simulated by multiple large ensembles from the latest
generation of climate models, we quantify the influence of rising global temperatures on the

likelihood of such conditions.

5.2.2 Data and methods

Firstly, to place the April 2021 event in the context of the regional fire regime, location and
intensity data on historical fires (2001-2021) are taken from the Moderate Resolution Imaging
Spectroradiometer (MODIS; Giglio et al., 2016) via the Fire Information for Resource
Management System (FIRMS). Our analysis of fire-conducive meteorology is based on
the Canadian Fire Weather Index (FWI; Van Wagner, 1987), which combines temperature,
surface wind speed, relative humidity and precipitation. FWI has been widely used in related
fire analysis across the world (e.g., Krikken et al., 2021; Liu et al., 2022a; 2022b) and
forms the basis of GEFF-ERAS, the fire danger reanalysis based on the Global ECMWF
Fire Forecast model and the ERAS reanalysis (Vitolo et al., 2020), from which we derive
historical FWI data for the period 1979-2021. The FWI value of 67.77 on 18 April 2021
is the highest recorded during autumn (March to May) in GEFF-ERAS. Our attribution
analysis questions to what extent rising global temperature associated with anthropogenic
climate change has altered the likelihood of a “2021-type event”, defined by the exceedance
of the 18 April 2021 threshold by yearly maxima in autumn FWI. It is widely accepted that
global mean temperature change since the late 19th century has been predominantly driven
by anthropogenic forcings, with the influence of natural forcings very small by comparison
(Hegerl et al., 2010; Bindoff et al., 2014; Philip et al., 2020; Ara Begum et al., 2022). Recent

work has revealed positive trends in observed fire weather extremes (Jain et al., 2022) and
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fire weather maxima (Liu et al., 2022a) across much of southern Africa, although the extent
of the observational record limits each analysis to just a few decades. Here, simulations of
historical FWI are derived from six large ensembles (at least 10 members) from the 6th phase
of the Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016) for the period
1850-2014 (see supplemental material for details). As the extent of the April 2021 fire was
relatively small, model output is taken for a single grid point closest to the fire’s approximate
origin (33.92° S, 18.42° E). For all six models used, this point of origin sits close to the
centre of the chosen grid cell. The meteorological and climatic diversity of the wider region
(Conradie et al., 2022) means that including model output across a larger area is very likely
to conflate spatially heterogeneous change signals not relevant to the event in question.

We apply a probabilistic statistical methodology based on a time-dependent generalized
extreme value (GEV) distribution to each of the six CMIP6 model ensembles to quantify
changes in the likelihood of extreme fire weather to rising global temperatures. This method
has been widely used in the attribution of different extreme events (e.g., Schaller et al., 2014;
Eden et al., 2016; van der Wiel et al., 2017; Eden et al., 2018; Otto et al., 2018a), including
episodes of extreme fire weather (e.g., Krikken et al., 2021; Liu et al., 2022b). For each
model, 165 yearly FWI maxima (1850-2014) across all corresponding ensemble members are
fitted to a GEV distribution scaled with the 4-year smoothed global mean surface temperature

(GMST), under the assumption that the location parameter (1 and the scale parameter ¢ have
9w O

parameter & remain constant (Philip et al., 2020; van Oldenborgh et al., 202u1b).

We evaluate the FWI threshold associated with the April 2021 event for each CMIP6
model following a bias correction based on the ratio between the u parameters of the
stationary GEV fit and that fitted with FWI maxima from GEFF-ERAS. The bias correction

method matches that used in Case Study 1 (Section 5.1); further details are given in section

the same exponential dependency on GMST, while the “dispersion ratio” 7 and the shape

29

5.1.5). We then estimate the probability of this threshold being exceeded, firstly, in a “past
climate of 1880 (pg) and, secondly, in a “present” climate of 2021 (p), both of which are
defined by observed GMST (GISTEMP Team, 2022; Lenssen et al., 2019). The probability
ratio (PR) f;—(l) is used to express the overall change in likelihood. A 1,000-sample non-
parametric bootstrap is used to estimate confidence intervals (Cls) for each model. Following
a model evaluation and selection step based on the dispersion ratio of each model’s GEV
fit, a final PR result is obtained by a multi-model weighted average (e.g., Eden et al., 2016;
Philip et al., 2018).



5.2 Case study 2: 2021 Cape Town wildfire 107

5.2.3 Results

Between 2001 and 2021, fires frequently occurred across the Cape Floristic Region along
South Africa’s southern and southwestern coastal margins. Fires during March-May occurred
predominantly in the west of this region (Figure 5.4a) and regularly exceeded a fire radiative
power (FRP) of 900MW (Figure 5.4b). The majority of fires observed within 50km of Cape
Town occurred between December and March; far fewer fires are observed later than mid-
March (Figure 5.4c). Synoptic conditions during the week leading up to the 18 April 2021
were characterised by a quasi-stationary mid-tropospheric ridge over South Africa and dry,
downslope easterly or northerly drainage winds along the west coast, known locally as berg
winds (Figure 5.4d), which contributed to the exceptional meteorological conditions. The
approximate time of the fire’s spread coincided with temperatures over 33°C and very low
relative humidity (Figure 5.4e-f), in addition to the emergence of strong northwesterly winds
(Figure 5.4g). While, during the 2020-21 summer months, the FWI was generally above
average, the absence of prolonged periods of extreme conditions and isolated daily FWI
values as anomalous as that recorded on 18 April 2021 further illustrates the exceptionality
of the event (Figure 5.4h). FWI anomalies from the MAM climatology on 18 April 2021
were very positive (> 40) along the west and south coasts, yielding FWI values around Cape
Town usually seen in the arid western interior (Figure 5.41).

An overall increase in the likelihood of a 2021-type event between 1880 to 2021 was
found for all six CMIP6 models, with PR ranging from 1.2 (INM-CMS5-0) to 4.1 (MPI-
ESM1-2-HR) (Figure 5.5a-f). The uncertainty ranges vary between models, and statistical
significance is found only in CanESMS (95% CI: 1.3-5.6; Figure 5.5a) and MPI-ESM1-2-HR
(95% CI: 1.6-29.5; Figure 5.5f). These results complement the positive trends in observed
extreme fire weather revealed in recent work (Jain et al., 2022; Liu et al., 2022a). In view of
the inter-model differences, it is notable that the highest resolution model, MPI-ESM1-2-HR,
is associated with the strongest trend but it is unclear whether results are sensitive to model
resolution.

The small spatial extent of the April 2021 event, and the subsequent application of the
method to a single model gridcell, results in a relatively large influence of internally driven
natural variability on PR uncertainty (Kay et al., 2015). Combining results as part of a
multi-model synthesis is a useful way to summarise and communicate overall findings when
internal variability is large. Here, the synthesis is limited to those models that realistically
represent FWI extremes, defined by the dispersion ratio of the GEV fit (see section 5.2.5). A
weighted average is generated for the five models that meet the selection criteria, with weights

for each model’s PR given by the inverse of the squared uncertainty. The uncertainty of the
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Figure 5.4: (a) Location and (b) intensity (FRP) of FIRMS-detected fires (2001-2021). (c)
Intra-annual timing and FRP of FIRMS-detected fires within the Western Cape Province.
Fires within 50km of Cape Town are shown in red. (d) ERAS mean 500-hPa geopotential
height (contours) and surface winds (arrows) for 11-17 April 2021. (e) Temperature (°C), (f)
relative humidity (%) and (g) wind speed (m/s) and direction observed between 11 and 19
April 2021 at Cape Town WO. (h) Cape Town FWI between July 2020 and June 2021 from
GEFF-ERAS (line) and 1979-2021 monthly climatological quantiles (bars). (i) GEFF-ERAS
FWI anomalies on 18 April 2021 with respect to the 1979-2021 March-May climatology.
Western Cape province is shaded in (a), (b) and (d), and outlined in (h).
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Figure 5.5: (a)-(f) Gumbel plots for the six CMIP6 models, showing the GEV model fit scaled
to the smoothed observed GMST (GISTEMP Team, 2022; Lenssen et al., 2019) of 1880 (blue)
and 2021 (red). Shaded areas represent the 95% Cls following non-parametric bootstrapping.
The magenta lines represent the 2021-type event, scaled to the model distribution using bias
correction. The blue (red) bars represent the 95% Cls for the return period of a 2021-type
event in the climate of 1880 (2021). (g) PR estimates for the six CMIP6 models and the
weighted average (for which CNRM-ESM?2-1 is excluded). Bars show 95% Cls; central
values are shown in bold.
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weighted average is approximated by adding the errors for each PR estimate in quadrature
(e.g., Philip et al., 2018). The multi-model synthesis result suggests that the weighted average
of the likelihood of the 2021-type event increased by a factor of 1.9 (95% CI: 1.2-3.1; Figure
5.5h) between 1880 and 2021 as a result of rising global temperatures.

5.2.4 Conclusions

Our analysis aimed to quantify the impact of a changing climate on the extreme fire weather
that coincided with the Cape Town wildfire on 18 April 2021. We applied an established
statistical method to the outputs of six large ensembles from CMIP6 to estimate how the
likelihood of the 2021-type conditions has been altered by anthropogenic climate change, here
expressed as the change in global mean temperature since the late 19th century. Averaging
the results from multiple models revealed a mean probability ratio of 1.9, i.e., an overall
increase in likelihood of around 90%. Diagnosing discrepancies among different models of
differing resolutions, particularly when the analysis is limited to a single model grid point, is
challenging and a potential avenue for further study.

The results complement existing efforts to attribute hydroclimatological extremes around
Cape Town, including droughts (e.g., Otto et al., 2018b; Zscheischler and Lehner, 2022), and
add to the growing set of attribution studies on wildfires and extreme fire weather in different
parts of the world (e.g., Krikken et al., 2021; van Oldenborgh et al., 2021a; Liu et al., 2022b).
Our analysis also highlights the importance of drawing findings from multiple models in
pursuit of the most robust statement possible for a singular wildfire episode. The model-
derived evidence of trends in fire weather extremes add to that drawn from observational
analysis (Jain et al., 2022; Liu et al., 2022a), and the application of alternative modelling
approaches and statistical methodologies is a potential pathway toward further building this
evidence base (Otto et al., 2020).

5.2.5 Supplemental Material

¢ Observational data

Observed weather data were taken from the Cape Town WO station (latitude: 33.9631°S,
longitude: 18.6023°E; South African Weather Service SYNOP data). The data’s sub-daily
variability was cross-checked for consistency with observations from stations at Molteno
Reservoir (latitude: 33.9377°S, longitude: 18.4109°E; South African Weather Service
SYNOP data) and Elsenburg (latitude: 33.8424°S, longitude: 18.8394°E; obtained from
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the Elsenburg Western Cape Department of Agriculture Weather Data Portal: https://gis.
elsenburg.com/apps/wsp/#).

e CMIP6 model ensembles

The application of the attribution approach to CMIP6 models (Eyring et al., 2016) was based
on the availability of the required input variables for the FWI calculation. To reflect the value
of a larger ensemble size in extreme event attribution (Hauser et al., 2017), a set of six large
ensembles with at least 10 members was identified (detailed in Table 5.1). The use of a single
grid cell represents the absolute lower limit of the scale that CMIP models could be used for

conducting analysis of this nature.

Table 5.1: Details for the CMIP6 model ensembles used.

Model Ens Resolution (lon x lat)
CanESM5 50 128x64 (~2.8x 2.8)
CNRM-CM6-1 30 256x128 (~1.4x 1.4)
CNRM-ESM2-1 10 256x128 (~1.4x 1.4)
INM-CM-5-0 10 180x 120 (2.0x 1.5)
IPSL-CM6A-LR 32 144x143 (~2.5%x 1.3)
MPI-ESM1-2-HR 10 384x192 (~0.9%x 0.9)

e CMIP6 model ensembles

A synthesis based on weighted averaging allows us to combine PR estimates from multiple
models. The synthesis follows an initial model selection step in which the dispersion ratio
of the GEV fit for each model is compared with that of GEFF-ERAS (95% CI: 0.12-0.25;
Figure 5.6). CNRM-ESM2-1 is the only model for which the dispersion ratio falls outside of
the GEFF-ERAS range, as indicated by the grey bar in Figure 5.6.
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Figure 5.6: Dispersion ratio of the GEV fit for each six CMIP6 model ensemble. Bars show
95% Cls; central values are shown in bold. The shaded area shows the CIs for the dispersion
ratio of the GEV fitted with yearly March-May maxima in daily FWI from GEFF-ERAS5
(0.118-0.245).

5.3 Case Study 3: 2022 Euro-Mediterranean wildfires

How does climate change influence the past, present and future likelihood of the meteorologi-

cal conditions associated with the 2022 Euro-Mediterranean wildfires?

5.3.1 Introduction

While wildfires are originally a natural phenomenon in Mediterranean countries, the increased
intensity and severity of fires associated with climate change threaten the natural regime, the
environment, and society (de Dios and Rinaudo, 2020; Cochrane and Bowman, 2021). In
the summer of 2022, an unprecedented condition of wildfires across the Euro-Mediterranean
region raised substantial public concerns about the changes to an earlier and longer wildfire
season (Rodrigues et al., 2023). In particular, between late July and early August, an
exceptionally high number of wildfire events (928; EFFIS, 2023) led to a record burned area
of 508,260 hectares (compared to an average of 215,548 hectares between 2006 and 2021)
and high levels of atmospheric emissions with 6.4 megatons of carbon associated with fires in
summer 2022 (Sundstrom et al., 2022a; Copernicus Atmosphere Monitoring Service, 2022).
The annual report in 2021 on Forest Fires in Europe, the Middle East, and North Africa
published by the European Commission’s Joint Research Centre (San-Miguel-Ayanz et al.,
2022, 2023), concluded that the fire season in 2021 was the second worst in the EU territory
in terms of burnt area, while acknowledging that 2022 was expected to be even worse.
Based on the Fire Information for Resource Management System (FIRMS), countries
affected by the 2022 wildfires include, but are not limited to, France, Spain, Portugal,

Morocco, Algeria, Italy, Slovenia, Croatia, Bosnia and Herzegovina, Montenegro, Albania,
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Greece, Bulgaria and Turkey. Spain alone accounted for 275,827 hectares of burned area,
nearly 60% of the total burned area (468,793 hectares) of the entire European Union (EFFIS,
2023). According to information on natural disasters based on satellite imagery and geospatial
data provided by Copernicus Emergency Management Services (CEMS), there were 47 rapid
mapping activations on wildfires in EU member states between June and August 2022, 15 of
which occurred in Spain, 11 in Greece and 6 in Portugal (CEMS, 2023).

Summer 2022 was associated with a series of heatwaves that appeared earlier and
were more prolonged than usual, setting temperature records in both Spain and France
and resulting in record-breaking wildfire events in the Euro-Mediterranean region (C3S,
2022; Sundstrom et al., 2022a). Additionally, across the Euro-Mediterranean region, such
exceptional heatwaves could be considered as "average" by 2035, even if countries meet
the climate commitments outlined in the 2015 Paris Agreement (CCAG, 2022). The 2022
season, therefore, has the potential to be a peephole into the 'new normal’ to observe the
increasing risks of extreme weather including fires, drought, and floods under climate change
in the coming years (CCAG, 2022; Rodrigues et al., 2023).

Event attribution in wildfires, which aims to address to what extent anthropogenic climate
change has altered the meteorological conditions conducive to wildfires, is an important
mechanism to generate robust evidence of the changes in fire weather conditions. However,
event attribution studies conducted over the Euro-Mediterranean region are relatively few
compared to other fire-prone regions of the world (such as the US and Australia). Therefore,
the aim of this study is to quantify the role of climate change on changes in present and future
risk of the types of wildfire events witnessed across the Euro-Mediterranean region during
Summer 2022. By applying a spatiotemporal definition over the study region, a series of
high-intensity, high-impact events that are linked to extreme fire-conducive meteorological
conditions are selected for attribution and future risk assessment. Given the current relevance,
the focus is on estimating changes in future disaster risk under a global mean temperatures
1.5°C and 2.0°C warmer than the early 20th century. We also aim to combine probabilistic
attribution of events and methods often applied in attribution studies with large ensembles
of future simulations to provide information for future risk assessments. In the latter part
of the section, subsequent to the methods section, we focus on the analysis of events. For
each event, we present a brief background description and observational analysis, followed
by a model attribution assessment. Additionally, a future risk analysis is conducted for all
the events across different countries. This approach enables the synthesis of results for the

entire region, offering a comprehensive summary. Finally, we conclude by highlighting the
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insights that can be drawn from this analysis, while reflecting on the benefits and limitations

of our approach.

5.3.2 Data and methods

Data describing the location and intensity of fires detected between June and August 2022
are taken from the Moderate Resolution Imaging Spectroradiometer (MODIS; Giglio et al.,
2016) via the Fire Information for Resource Management System (FIRMS). Canadian Fire
Weather Index (FWI; Van Wagner, 1987) data for the period 1979-2022, taken from GEFF-
ERAS, the fire danger reanalysis based on the Global ECMWF Fire Forecast model and the
ERADS reanalysis (0.25° resolution; Vitolo et al., 2020), are used to define the fire-conducive
meteorological conditions. Simulations of historical FWI for the period 1850-2014 and future
FWI under a high emission scenario (SSP585) are taken from the global coupled model,
Canadian Earth System Model version 5 (CanESMS5; 1.4° resolution; Swart et al., 2019),
which is developed for the sixth phase of Coupled Model Intercomparison Project (CMIP6;
Eyring et al., 2016). This model is chosen due to the availability of a large (50-member)
ensemble for both the historical and future periods (i.e., 1850-2100).

Independent attribution analysis is conducted at a series of hotspots associated with
the most intense summer 2022 fires, using a selection approach developed by Liu et al.
(2022b). The hotspots are based on a subset of fire episodes associated with (a) a minimum
fire radiative power (FRP) of 1000 MW, and (b) a corresponding 7-day mean FWI value
(hereafter FWIx7day) that is above the June-August historical (1979-2022) 95™ percentile.
Once isolated, this subset of fires is ranked by FRP. Therefore, to quantify the high-impact
fire weather risk over the Euro-Mediterranean region in June-August 2022, extreme fire
weather conditions are linked to wildfires that occurred during the period 1979-2022. As
outlined by Liu et al. (2022b), hotspots are spatially defined by a 250-km radius and subject
to a stepwise selection to ensure that (a) each hotspot represents the immediate vicinity of the
most intense fires, and (b) there is no overlap between hotspots. The first hotspot is centred
on the location of the most intense fire according to FRP; all smaller fires within one hotspot
diameter of this point are then removed from the ranked selection to ensure that none of the
hotspots overlap. The process is repeated for the fire with the next highest FRP, and so on
until all fires within the subset are assigned to a hotspot.

A total of ten hotspots are identified. For each hotspot, we use a statistical method based
on a time-dependent Generalised Extreme Value (GEV) distribution, frequently applied to

both observational and climate model data in previous work (e.g., Schaller et al., 2014; Eden
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et al., 2016; van der Wiel et al., 2017; Eden et al., 2018; Otto et al., 2018a; Krikken et al.,
2021; Liu et al., 2022a; 2022b; 2023), to estimate the change in probability of a ‘2022-type
event’ (defined at each hotspot by the maximum FWIx7day value recorded within a given
hotspot’s spatial domain) as a result of global warming. For each hotspot, a pool of annual
FWIx7day maxima (hereafter FWIx7day) from all 50 ensemble members are fitted to a GEV
distribution in which the location y and scale o parameters are assumed to scale linearly
with a 4-year smoothed global mean surface temperature (GMST; GISTEMP Team, 2022;
Lenssen et al., 2019) from the ensemble means. Both the shape & parameter and the % ratio
remain constant (Philip et al., 2020). Two types of GEV fits are conducted according to the
period: a) for the past and present climate 1850-2022, 173 years of simulations and (b) for
the future change under 1.5°C and 2.0°C increase in GMST (with respect to the reference
period 1900-1949), a total of all 251 years (1850-2100) of simulations are used.

For each wildfire hotspot, we evaluate the return time, and hence the probability, of the
2022-type event occurring in a ‘past’ climate of 1910-1919, a ‘recent’ climate of 2010-2019,
a future climate under a 1.5°C and 2.0°C GMST increase. Using the probability ratio, we
quantify the changes in the likelihood of 2022-type events between the past and recent climate
(PR), and between the recent climate and the future climate associated with 1.5°C (PR 5)
and 2.0°C (PR3 9) GMST increases. An additive bias correction on the location parameter
u (van Oldenborgh et al., 2021a; Liu et al., 2022b), is applied to account for the systematic
discrepancies between the reanalysis and CanESMS. Confidence intervals (Cls) for each
GEV fit, and subsequently for PR results, are estimated with a 1,000-sample non-parametric
bootstrap. The final synthesis is obtained by a weighted average of PR, PR; 5 and PR at all
hotspots identified across the Euro-Mediterranean region, again following a similar approach
outlined by Liu et al. (2022b).

5.3.3 Results
5.3.3.1 Detections in fire intensity and locations

We firstly explore the intensity and spatial extent of the 2022 wildfires in the context of
previous fire seasons. Historically, fires occur across the Euro-Mediterranean region between
June and August (Figure 5.7). However, when compared to the preceding two decades
(2001-2021), the 2022 wildfires were especially intense in western parts than other areas
of the Euro-Mediterranean region (Figure 5.7a). In particular, Portugal and Spain account
for a very high number of fire occurrences in 2022. Fire clusters are also apparent along

the Mediterranean coastlines of southern France, Morocco, Algeria, in addition to Sicily
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and southern Italy, the western Balkans, Greece, and western Turkey. We also note that the
southwestern region of France, which experienced some fires between 2001 and 2021, has
witnessed more frequent fire events in 2022 alone. Across the study region as a whole, the
2022 fire season was generally associated with high intensity fires. The 90, 95" and 99t
FRP percentiles were the highest recorded since 2001, and only the 2007 and 2021 seasons
have witnessed a larger number of fires with FRP that is above the long-term 90" percentile
(Figure 5.7b).

Figure 5.7: (a) Locations of fires detected by FIRMS in 2022 (red) compared to the period of
2001-2021 (grey). (b) The intensity (grey points) and frequency (blue line) of fires detected
in the period of 2001-2021. The grey points show the date of detected fires with FRP>100
MW. The three grey lines (from light to dark) show the 90", 95® and 99" percentile of the
FRP values over JJA 2001-2022. The blue steps show the number of fires exceeding the 90"
percentile (195 MW) of the period JJA 2001-2022.

Intra-annual data from 2001 to 2022 show that fire activity occurs primarily during the
boreal summer and autumn months (i.e., from June to November; Figure 5.8a, b). This was

most evident in the summer of 2022, when many fire events exceeded the 95" and 99.9th
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percentile FRP, especially during July and August, with the highest FRP even surpassing
5000 WM (Figure 5.8b). The intensity of fires occurring earlier in the year is generally much

less than those occurring in summer (Figure 5.8b).

Figure 5.8: (a) Intra-annual timing for detected fires (2001-2022). (b) Distribution of intra-
annual timing of the European wildfires from January to December in 2022 (red) compared
to the period of 2001-2022 (grey), with corresponding FRP values presented on the left. Blue
lines show the 99.91", 99™ and 95 percentile of the FRP values over 2001-2022. Numbers
on the top represent the percentage of fire events detected for each month through all the fires
during 2001-2022.

The spatial distribution of the most severe fires detected by FIRMS between June and

August 2022 is shown in Figure 5.9a. The stepwise selection procedure outlined in section
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5.3.2 was used to identify a total of ten hotspots that indicate where the most intense fires of
summer 2022 coincided with episodes of extreme fire weather (Figure 5.9a-b). Note that fires
observed in Greece, which were severe (FRP > 3000 MW), did not coincide with particularly
extreme FWI, and, therefore, are not associated with a hotspot. Details of the individual fire

event associated with each hotspot are given in the following section.

Figure 5.9: Locations with (a) intensity and (b) names only of the ten fire hotspots of June-
August 2022 FIRMS-detected fires in Southwest Euro-Mediterranean regions. Detections
in each site shown in the map meet 1) that corresponding daily FWI on the event day is
higher than 95" percentile within the period of June-August 1979-2022 and 2) the FIRMS
‘high-confidence’ criteria. Point size and colour show fire radiative power in megawatts
(MW) as an indicator of fire intensity. The study region is southwest Euro-Mediterranean

regions.
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5.3.3.2 Trends in observed fire weather conditions

The FWIx7day mean during JJA 2022 was the largest (> 50) in central and southern Portugal
and Spain, as well as the north of Morocco, Algeria and Tunisia (Figure 5.10a). The highest
anomalies of the JJA 2022 FWIx7day maxima values (> 25) were observed across France,
southern Portugal and northern Spain, in addition to northern parts of Morocco, Algeria and
Tunisia. Further east, high FWIx7day maxima were also observed in various parts of the
western and eastern Balkans (Figure 5.10b). A large portion of the JJA 2022 FWIx7day values
are among the highest 5% of annual maxima observed across southwest Euro-Mediterranean
regions since 1979 (Figure 5.10c).

5.3.3.3 Events identified as wildfire hotspots

As described above, ten hotspots were identified (Figure 5.9a, b) and corresponding fire
events are presented ranked by the degree of fire intensity (i.e., FRP) with further detailed
information about the event date, FWI values, area burned, and impacts summarized in Table
5.2.

Table 5.2: Hotspot information.

Hotspots Event date (yyyy-mm-dd) | FRP (MW) | FWI | Burned area (ha)
(a) Zamora, Spain 2022-07-18 5563.7 73.4 >31,000
(b) Larache, Morocco 2022-07-13 5173.7 68.7 4,660
(c) Gironde, France 2022-07-18 23914 66.2 ~20,000
(d) Komen, Slovenia 2022-07-20 2269.8 21.6 ~3.,705
(e) Ciudad Real, Spain 2022-07-25 2209.4 87.0 NA
() El Tarf, Algeria 2022-08-17 1775.6 109.6 ~2,600
(g) Zaragoza, Spain 2022-07-19 1616.2 80.7 ~14,000
(h) Aveyron, France 2022-08-13 1470.8 39.1 >500
(1) Lucca, Italy 2022-07-19 1447.1 19.0 >900
(j) Tipaza, Algeria 2022-08-14 1095.2 89.5 NA

Hotspot (a): Wildfires in Zamora, Spain on 18 July 2022 - The fire broke out on 17 July

2022 in Losacio, which is in northwestern Zamora province in Spain (Crisis24, 2022b).

The intense fire reached its worst level on 18 July (Figure 5.11a), resulting in more than
31,000 hectares being burned (as of 21 July) with two deaths and three injuries, as well as
the temporary evacuation of 6,000 people from the area (as of 18 July) (Crisis24, 2022b;

Aljazeera, 2022b; Copernicus, 2022). Moreover, the fire was ignited in an adjacent area to
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Figure 5.10: Anomalies of (a) the mean 7-day averaged FWI in June-August 2022 and (b) the
maximum 7-day averaged FWI during June to August 2022 with respect to the 1979-2022
June-August climatology. (c) In terms of the probability of occurrence in maximum 7-day
averaged FWI from June to August 2022 using 1979-2022 as climatological period.
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the Sierra de la Culebra wildfire that burned 25,000 hectares of forest one month ago, in
June 20223. Fire also affected some roads and trains, including the closure of the N-631
freeway between Moreruela de Tabara and Litos, and the suspension of train service on the
AVE Madrid-Galicia highway line between Sanabria and Zamora (Crisis24, 2022b). The
most intense fires detected in Zamora during the summer of 2022 occurred from mid- to late
July (Figure 5.11a). This was preceded by a fire observed in mid-June, after which the FWI
values dropped back to a lower level. The FWI values after this period climbed gradually
until this fire occurred and reached the highest record in both FWI (73.4) and FRP (5563.7
MW) on July 18 (Table 5.2; Figure 5.11a). Additionally, the former record of FWI exceeds
the 95" percentile (~60) of FWI during JJA 1979-2022 (Figure 5.11a), and the mean FRP
and number of fires both reached the highest in 2022 (Figure 5.12a).

Hotspot (b): Wildfires in Larache, Morocco on 13 July 2022 - The fire that broke out on
Wednesday 13 July 2022, driven by strong winds, destroyed 4,660 hectares of forestland in

many provinces in Morocco, while half of them are located in Larache (Aljazeera, 2022a;
Alarabiya News, 2022). The largest fire in Larache caused one death with more than 5,200
families being affected in 35 nearby villages (Latrech, 2022). To respond to and mitigate
the impact of the recent fires on agricultural activities and forests across the burned area, the
Moroccan government announced a MAD 290 million ($28.3 million) plan in the following
week (Kasraoui, 2022). Several fires were detected in Larache (Morocco) in mid- and late
July as well as late August in 2022 (Fig5.11b). The extreme fire event that occurred on 13
July shows the record-breaking values both in FWI (68.9) and FRP (5173.7 MW) over the
period of JJA 2022 (Table 5.2; Figure 5.11b). An upward trend in FWI can be seen in the
weeks leading up to the event, with a peak in FWI occurring on the day of the event and being
nearly two-fold of the 95" percentile level (Fig5.11b), again, the mean FRP and number of
fires both peaked in 2022 (Figure 5.12b).

Hotspot (c): Wildfires in Gironde, France on 18 July 2022 - Since 12 July 2022, wildfires

had been raging in the south and southwest of France (Crisis24, 2022a). The most intense

fire activity in the French Gironde region began on July 17 (Sundstrom et al., 2022b) and
reached a record high intensity (2391.4 MW; Table 5.2) on the following day, which is very
similar to the timing and evolution of the fire in Zamora, Spain (Hotspot a). Fires in the
Gironde area lasted two weeks, causing nearly 20,000 hectares destroyed (as of 18 July) with
around 37,000 people being temporarily evacuated from this area (Connexion, 2022). Severe
weather conditions, such as the record-breaking temperatures over 40 °C combined with the
wind and the dry vegetation, had led to the progress of fires in different directions, making
the fires difficult to get under control (Crisis24, 2022a). From the beginning of July 2022,
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Figure 5.11: (a)-(j) Daily FWI (black lines) and fire radiative power (MW; red dots) of the
fires occurred during the period June-August 2022 at selected ten sites. In each case, blue
dashed line represents the 95™ percentile in daily FWI over June-August 2022, the black dot
with dashed line and the red dot with dashed line represent the FWI and FRP values with the
date of the event shown alongside in red.
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Figure 5.12: (a)-(j) Annual mean FWI (black lines) and the number of the fires (red bars)
occurred during the period June-August from 2001 to 2022 at selected ten sites. In each case,
fires are counted when the FRP value is above 500 WM.
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FWI values in Gironde show an obvious increase until the event date of 18 July, with the
highest value of 66.2, which is about doubled the 95" percentile of FWI during JJA 2022
(Table 5.2; Figure 5.11c). A large number of extreme fires occurred during the event date in
mid-July, where similar intense fires associated with a similar trend in FWI emerged again
around 10 August 2022. The number of fires reached an extremely high value of over 600,
compared with the previous years of no more than 50 since 2001 (Figure 5.12c).

Hotspot (d): Wildfires in Komen, Slovenia on 20 July 2022 - The first wildfire in the Karst

region in Komen (Slovenia) started on 15 July 2022, spreading by extreme heatwaves with

strong winds and covering burning land as much as 3,705 hectares in 17 days (Korosec, 2022;
Zarkovig, 2023). In total, approximately 15,000 firefighters battled the uncontrolled blaze to
save the numerous villages and towns in the area, in addition to local volunteers and support
from neighbouring countries (?). The highest fire radiative power (2269.8 MW) observed in
the Korman region of Slovenia occurred on 20 July 2022, with a corresponding FWI value
above the 95" percentile at around 21.6 (Table 5.2; Figure 5.11d). It is noteworthy that the
fire started spreading around 15 July, and the corresponding FWI which reflects the weather
conditions that are conducive to fires also reached its peak during this period in the summer
of 2022. Additionally, the mean FRP and the fire counts both reached the highest in the year
2022 (Figure 5.11d).

Hotspot (e): Wildfires in Ciudad Real, Spain on 25 July 2022 - During summer 2022,

extreme weather conditions that were conducive to wildfires (FWI > 95t percentile) occurred

several times in the region of Ciudad Real in Spain (Figure 5.11e). Comparatively high FWI
values were observed throughout the period in this area, differing from other wildfire events
(Figure 5.11e). The most intensive fire (2209.4 MW) occurred on 25 July, when the FWI
also reached its highest value of 87.0 (Table 5.2; Figure 5.11e). With regards to the mean
FRP values and the number of fires, 2005 saw the highest record since 2001, while 2022 has
the second largest fire count in this region (Figure 5.12¢).

Hotspot (f): Wildfires in El Tarf, Algeria on 17 August 2022 - Since the commencement

of August, Algeria has witnessed a staggering total of 106 fires, resulting in the devastation
of over 2,500 hectares (6,200 acres) of woodland. Tragically, at least 26 people have lost
their lives, and dozens more have sustained injuries due to the fires (The Guardian, 2022).
Of particular concern were the fires in El Tarff (Reliefweb, 2022) in northern Algeria, near
the Tunisian border, in which nearly 2,600 hectares were burned (Alkhaldi, 2022) and 24
people died with hundreds forced to leave their homes (The Guardian, 2022). Despite being
the largest country in Africa, Algeria has only 4.1 million hectares (10.1 million acres) of

forest and the north of the country is affected by forest fires every year, a problem that has
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worsened especially in recent years due to the climate crisis (The Guardian, 2022; Aljazeera,
2022c). Whilst there were some wildfires in the El Tard area of Algeria in June and July
2022, the most intensive fire occurred on 17 August, with a series of fires occurring on the
same day (Figure 5.11f). The observed FWI value nearly doubled the 95 percentile during
the summer from 1979 to 2022, at 109.6, with a corresponding FRP at 1775.6 MW (Table
5.2; Figure 5.11f). The mean FRP value in 2022 is the second-highest record since 2001,
although the fire count is not that significant compared to the other years (Figure 5.11f). The
mean FRP of this hotspot in 2022 reached the highest while the number of fires observed is
around average-level (Figure 5.12f).

Hotspot (g): Wildfires in Zaragoza, Spain on 19 July 2022 - Wildfires in Zaragoza, Spain
started on Tuesday 19 July 2022 and had been stabilized in three days on 21 July (Yahoo,
2022). The fire occurred in Ateca (Zaragoza province of Spain) and led to the closure of

all train services with Madrid, Aragon and Catalonia as well as causing the burning of
approximately 14,000 hectares on Wednesday (Yahoo, 2022; Aljazeera, 2022d). Weather
conditions during summer 2022 in Zaragoza, Spain show a significant upward trend since
early July and peaked at 80.7 on the event date of 19 July (Table 5.2; Figure 5.11g). Major
fires are observed mainly in mid-June, July, and August while the fire weather indicator,
FWI, also appears to have relative peak values at the same time (Figure 5.11g). The mid-July
fires were the fiercest in terms of the frequency and intensity of fires, with the most dramatic
lift in fire weather conditions in this region for this period (Figure 5.11g). Differring from
Hotspot (f), the record of 2022 shows the highest fire counts of Hotspot (g) with the mean
FRP not that exceptional (Figure 5.12g).

Hotspot (h): Wildfires in Aveyron, France on 13 August 2022 - On August 10 2022,

wildfires engulfed the area around Mostuéjouls in the southern department of Aveyron,

France (Reuters, 2022). The impact has been substantial, with over 750 hectares of vegetation
reported burned as of August 12. In response to the escalating threat, approximately 3,500
people have been evacuated from the affected region (Brent, 2022). A few days later on
Saturday 13 August, a reignited extreme fire broke out in the same area which forced the
evacuation of over 1,000 people and burned more than 500 hectares, with a total of 1,260
hectares within a week (The Local, 2022; Science X, 2022). Fire weather conditions in
Aveyron (France) during the summer of 2022 saw great fluctuations, particularly from late
July to mid-August (Figure 5.11h). A series of fires alongside relatively high FWI values
were witnessed in late July, but FWI values dropped rapidly after the events. Then, similar
situations occurred twice until the most intensive fire (1470.8 MW) emerged on 13 August,
with the fire weather indicator at around 39.1 (Table 5.2; Figure 5.11h). Similar to Hotspot
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(g2), the fire count reached the highest to show the exceptionality of the fire activities that
occurred in this hotspot (Figure 5.12h).

Hotspot (i): Wildfires in Lucca, Italy on 19 July 2022 - Wildfires erupted in Massarosa of
Lucca, Italy, on the evening of Monday July 18 2022 (Cater, 2022). The situation persisted

through Wednesday, leading to the evacuation of 500 people (Bressan and Agency, 2022).
A helicopter intervention was initiated to control the fire, which, as of July 22, had ravaged
over 900 hectares within a span of five days (Wikipedia, 2022). Although the fires observed
in Lucca in the summer of 2022 were limited compared to other hotspots, wildfires that
occurred on 19 July were still intense with FRP around 1500 WM (Table 5.2; Figure 5.111).
Corresponding FWI values around the event date were not as high as the other sites, they
exceeded the 95" percentile of the summer FWI in the period of 1979-2022 in this area,
which are also very extreme and rare to experience. In Hotspot (i), the fire intensity presented
by the fire radiative power is the highest since 2011, with a relatively higher number of fires
observed in 2022 (Figure 5.121).

Hotspot (j): Wildfires in Tipaza, Algeria on 14 August 2022 - In the forests of Mount
Chenoua in Tipaza (Algeria) wildfires broke out on 14 August 2022 (Saada, 2022). As
the event was located in the 15 Military Region, helicopters that belonged to the Air Force

participated to control the fire event, helping to reduce the losses (Saada, 2022). Major fires
can be witnessed in mid-August in Tipaza (Algeria) with the most intensive one occurring on
14 August 2022 (Figure 5.11j). From late June to mid-August, FWI showed an increasing
trend at 89.5 on the event date, while the highest FRP value occurred at 1095.2 MW at the
same time (Table 5.2; Figure 5.11j). During the period of 2001-2022, the 2022 event shows
the highest fire radiative power and the lowest fire count in Hotspot (j), potentially revealing

the extreme intensity of this wildfire event (Figure 5.12)).

5.3.3.4 Attribution and projection of changing risks in extreme fire weather

Overall, the probabilities of the 2022-type events occurring across the Euro-Mediterranean
region show statistically significant increasing trends either between the past and present
climate or from recent to future scenarios, by using CanESMS5 externally forced warming
temperatures (Figure 5.13a-j). In the past climate during the period 1910-1919, seven of the
ten events have a return period of around 20 years, while five of those events were likely to
occur approximately every 50 years or more (Figure 5.13a-j). PR 5 and PR, in the future
scenarios vary, with eight of the ten events likely to occur within every ten years, and three of
these becoming less than five years in return period when the global warming level reaches

1.5 °C (Figure 5.13a-j). In a warmer world with a 2.0 °C rise in GMST, six of the ten events
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are likely to happen again within or around five years, with three of them having a return
period of around three years (Figure 5.13a-j). The three most intensive wildfires that occurred
in Zamora, Spain (Hotspot a), Larache, Morocco (Hotspot b), and Gironde, France (Hotspot
c) all show return periods of around or over 50 years in the past climate of 1910-1919, and
all the hotspots of the events become more frequent in the present climate of 2010-2019 and
future scenarios (Figure 5.13a-c).

In Spain alone, three major wildfires were witnessed in Zamora, Ciudad Real and
Zaragoza during 18-25 July 2022, ranked the first, fifth, and seventh in terms of the FRP
across the study hotspots. PR results in Zamora, Spain illustrate one of the largest increases
in likelihood over all the ten sites between the past climate (1910-1919) and the present
climate (2010-2019), as well as the future climate for the 1.5 °C and 2.0 °C scenarios, with
PR ranging from 2.9 to 7.5 PR 5 ranging from 2.1 to 2.8 and PR, ranging from 2.6 to 3.5,
separately (Figure 5.13a). Events occurred in Ciudad Real and Zaragoza present similar
results in PR, PR 5, and PR, with ranges from 3.0 to 5.0, 1.9 to 2.1, and 2.2 to 2.5 for the
former, and 3.4 to 6.0, 2.0 to 2.3, and 2.4 to 2.8 for the latter, separately (Figure 5.13e, g).

Wildfires that occurred in mid-July 2022 in Gironde (France) are associated with the
highest PR results among all the ten hotspots, while the current fire weather condition has
become five times more likely (95% CI range: 4.0-7.2) to occur compared to the past, and
is estimated to increase by a factor of 2.6 (95% Cl range: 2.4-2.8) and 3.2 (95% CI range:
3.0-3.6) under 1.5 °C and 2.0 °C global warming levels respectively (Figure 5.13c). Later
in mid-August 2022, another wildfire raged in Aveyron. Although the return period of this
event (~ 14 years) in the past is not as rare as others, it is still 2.2 (95% CI range: 2.0-2.3)
times more likely to occur in the present climate, with PR 5 of 1.7 (95% ClI range: 1.7-1.8)
and PR g of 2.0 (95% Cl range: 2.0-2.1) in a warmer future (Figure 5.13h).

During the same period, there were two wildfires in El Tarf and Tipaza (Algeria), for
which the PR values show an approximate doubling likelihood (EIl Tarf: 2.0, 95% CI range:
1.8-2.2; Tipaza: 1.7, 95% Cl range: 1.5-1.9) under recent climate conditions (Figure 5.13f, j).
In the past, such events had a 45-year and 30-year return period, respectively, in contrast to
the current return period of approximately 20 years. Changes in likelihood are more than
70% (E1 Tarf: 98%; Tipaza: 80%) when an increase in GMST reaches 1.5 °C and over 100%
(El Tarf: 143%:; Tipaza: 114%) when GMST reaches 2.0 °C in the future (Figure 5.13f, j).

Weather conditions conducive to wildfires in the Larache region of Morocco, again, show
significant increases from the past to present, as well as from the present to the warmer
future (Figure 5.13b). The change in probability between the past (1910-1919) and present
(2010-2019) climate is a factor of 2.0 (95% Cl range: 1.7-2.4), while that between the present
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Figure 5.13: (a)-(j) Gumbel plots for the ten sites of wildfires, showing the GEV model fit
scaled to the ensemble mean of GMST for the period 1910-1919 (blue), 2010-2019 (black),
the period that GMST reached by 1.5°C (orange) and the period that GMST reached by
2.0 °C (red). Dashed lines represent the 95% Cls following a 1000-sample non-parametric
bootstrapping. The magenta lines represent the 2022-type wildfire event in each case, scaled
to the model distribution using bias correction. The blue, black, orange and red bars represent
the 95% Cls for the return period of these 2022-type events in the climate from 1910 to 1910,
2010 to 2019, the period that GMST reached by 1.5 °C and the period that GMST reached
by 2.0 °C.
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climate and future scenarios of 1.5 °C and 2.0 °C warming levels are 1.4 (95% CI range:
1.4-1.7) and 1.6 (95% ClI range: 1.5-1.6), separately (Figure 5.13b).

The return period for the wildfire events that occurred in the Komen region of Slovenia
in the past climate has a value of around 10 years, while the return value of the same type of
events is around 7.5 years in the present climate, and around 5-5.5 years in future scenarios
(Figure 5.13d). This indicates the statistically significant increases in PR with a factor of
1.4 (95% CI range: 1.3-1.6), PR 5 of approximately 1.4 (95% Cl range: 1.3-1.4) and PR,
of 1.5 (95% Cl range: 1.5-1.6), the lowest central value and smallest range of PR results of
all ten hotspots (Figure 5.13d). Like the wildfires that occurred in Slovenia, the present fire
weather conditions occurred in Lucca, Italy, had an increase in PR by approximately 40%
compared to the past (Figure 5.131). In addition to the future scenarios, the positive changes
in likelihood compared to the current weather conditions are about a factor of 1.4 (PR 5)

and 1.5 (PR, ) respectively (Figure 5.131).

5.3.3.5 Attribution and projection synthesis across the region

The synthesis results across the ten hotspots in the Euro-Mediterranean region suggests
that the weighted average of the likelihood of the 2022-type events increased by a factor
of 1.8 (95% CI: 1.7-1.9; Figure 5.14a) over the last century as a result of rising global
temperatures. The calculation of the weighted average across the ten hotspots matches the
method introduced in Case Study 2 (section 5.2.3); the weights for each event’s PR are
given by the inverse of the squared uncertainty, with the uncertainty of the weighted average
approximated by adding the errors for each PR estimate in quadrature (e.g., Philip et al.,
2018). The likelihood of such events is estimated to increase further by factors of 1.6 and 1.8
in the future risks under 1.5 °C and 2.0 °C global warming levels respectively (Figure 5.14b,
).

For the estimated change in likelihood during the last century, PR results range from 1.4
(Lucca, Italy) to 5.0 (Gironde, France), with large discrepancies witnessed between different
hotspots, and up to 7.2 times more likely to occur across the study region (Figure 5.14a).
Apart from France, which has the highest increase in PR, the three most substantial positive
changes in PR over ten hotspots are all in Spain, where the fire weather conditions have
become at least 3.2 times more likely to occur according to the central values (Figure 5.14a).
The other six sites all have increasing trends in PR, ranging from 1.4 (Lucca, Italy) to 2.2
(Aveyron, France) (Figure 5.14a). By averaging the results over the study region, it suggests
that fire weather extremes are around 80% more likely to occur as a result of externally

forced warming temperatures (Figure 5.14a).
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Figure 5.14: PR estimates based on the comparison between (a) the past climate of 1910-1919
and the present climate of 2010-2019, (b) the present climate of 2010-2019 and the period
that GMST reached by 1.5°C and (c) the present climate of 2010-2019 and the period that
GMST reached by 2°C for the ten sites of wildfire events in Southwest Euro-Mediterranean
regions in summer 2022 by using CanESMS5 and the corresponding weighted averages. Bars
show 95% ClIs; central values are shown in bold.
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In terms of future scenarios, results in PR 5 present a great consistency of the events
across ten hotspots, averaged as around 60% more likely to occur compared to the present
climate conditions, with increasing likelihoods ranging from 1.3 (Komen, Slovenia) to 2.6
(Gironde, France) accordingly (Figure 5.14b). Like the results between the past and present
climates, the 2022-type events that occurred in four sites in both Spain and France show the
highest positive changes in likelihood as a factor between 2 and 2.6, while the other six sites
present the relatively small but still significant increases from 1.3 to 2, separately (Figure
5.14b). In a warmer world with 2.0 °C warming level, results in PR, o show a slightly higher
risk in fire weather conditions compared to the 1.5 °C warming level, with extreme fire
weather becoming 80% more likely to occur (Figure 5.14c¢). Wildfires occurred in Zamora,
Zaragoza and Ciudad Real in Spain and Gironde in France still rank one of the highest risks
in fire weather conditions with a factor from 2.4 to 3.1, while the two wildfires occurred in
El Tarf and Tipaza in Algeria also present the changes in likelihood that is 2.4, and 2.1 times

more likely to occur respectively, as a result of global warming (Figure 5.14c).

5.3.4 Conclusions

Analyses in this study aim to summarize and quantify the influence of the changing climate
on extreme fire weather occurring across the Euro-Mediterranean region in the summer of
2022. An established statistical approach was applied by using the output from the CanESM5
large ensemble to estimate how the likelihood of the 2022-type fire weather conditions have
been and will be altered by anthropogenic climate change, expressed here as the change in
global mean surface temperature since 1850. The results were collectively averaged across
multiple selected locations where fire events occurred and an average probability ratio of
1.8 was found, i.e., an overall increase in likelihood, approximately 80%, during the last
century, and a further increase of 60% and 80% under 1.5°C and 2.0° global warming levels
respectively. Diagnosing variations in the extremes of occurrence of different wildfire events
in the same region, further across different timescales spanning past, present, and future, is
challenging and a potential avenue for research.

These results complement the positive trends in observed extreme fire weather revealed
in recent works (Jain et al., 2022; Liu et al., 2022a) and clearly underline the importance of
assessing present-day risk assessment and attribution studies further with future risks. For
all events selected over the study area, the attribution results and the assessment of future
risks are showing a positive trend in the probability of extreme fire weather. Nevertheless,

the PR, PR 5 and PR, of such extreme fire-prone weather are relatively higher in Spain
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and southern France. In addition, we note that the range for PR is relatively larger compared
to the range for PR 5 and PR, present relatively the highest values. The range for PR, in
particular, is relatively larger compared to the range for PR; 5 and PR,y based on model
simulations under future scenarios, due to the larger scale of data for longer years in the
future scenarios, resulting in less uncertainty in the changes.

Attribution research has emerged to answer public questions about to what extent has
anthropogenic climate change altered the occurrence of extreme events, such as extreme fire
weather. This development has led to the quantification and estimation of extreme weather
events with complex causes, such as wildfires and droughts, to help different stakeholders to
respond. In addition, the inter-temporal information spanning from past, present, and future
in this research analysis would make the findings more accessible to different stakeholders

and provide relevant recommendations.
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Conclusions and outlook

6.1 Summary and Conclusions

In the context of climate change, wildfires have occurred more frequently and intensively
across the globe in recent decades, posing enormous risk to natural and built environments
and human livelihoods. This has led to significant public concern about the prevalence,
spread, and impact of wildfires, and ultimately questions about the extent to which climate
change is altering the meteorological conditions conducive to wildfires. Over the last decade,
the emergence of attribution studies of high-impact weather and climate has sought to answer
such questions. However, to date, attribution studies of wildfires have been far less common
than those of other heat-related extremes (such as heatwaves and drought) due to the limited
record from observational datasets, and the lack of consensus on the most appropriate and
effective methodological approach for wildfire attribution.

The aim of this PhD project has been to develop a globally applicable empirical-statistical
framework to better understand and quantify the changing nature of wildfire risk in the face
of a changing climate. The research was motivated by three key themes, originally outlined
in Chapter 1 (section 1.6): (a) the increasing prevalence and impact of severe wildfires
in many parts of the world; (b) the relative paucity of wildfire, or otherwise fire weather,
attribution studies and, consequently, the uncertainties associated with conducting such
studies; (c) the potential of empirical-statistical methods to provide robust conclusions when
applied to data from both observations and the latest generation of climate models. The
development of the framework has shed considerable light on the implications of attributing
fire weather extremes across the world and several methodological considerations, including
the spatiotemporal event definition, the choice of an appropriate fire weather indicator and

the selection, evaluation, and bias correction of climate models.
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This chapter draws together the key findings of this research and details considerations
for further study. In the remainder of section 6.1, the three research questions and related
objectives outlined in Chapter 1 (section 1.6) are reasserted and discussed in terms of how
each has been addressed and answered. In section 6.2, the limitations and scope for further

research are identified and discussed.

6.1.1 Research Question 1: To what extent can observed worldwide
changes in extreme fire weather during recent decades be linked to

warming global temperatures?

Objective 1.1: To develop and apply a global approach for extreme fire weather
attribution upon which future studies can build. Despite the growth of attribution
science in recent years, there are still relatively few studies for certain types of extreme
events, such as wildfires, due to the complexity of understanding their physical mecha-
nisms (for wildfires, in the ignition and spread particularly) and the difficulties posed
by the lack of data. In Chapter 3, a probabilistic framework based on extreme value
distributions was proposed, bridging the gap in this subfield by applying protocols to
other well-understood extreme event types. Based on this framework, an established
empirical-statistical method was used to construct a global approach for attributing

extreme fire weather events (cf. Chapter 3).

Objective 1.2: To evaluate the uncertainty concerning the choice of fire weather
indicators and metrics in linking regional trends in observed fire weather extremes
to global warming temperatures. In Chapter 3, a set of fire weather indicators from the
CFWIS were assessed in all fire-prone areas of the world. On the global scale, a positive
trend was found in the seasonal averages of each index, and this is in line with the
observed global fire weather and its relationship with climate change (Jain et al., 2022).
Differences between indicators and their link to burned area were generally marginal,
there are several examples of significant discrepancies at the regional scale. Notably,
FWI is not systematically the best match for fire activity, suggesting that other indices
have the potential to be more appropriate proxies for fire risk in specific areas. With
respect to attribution analysis, different indicators lead to different results, depending
on the variability and nature of extreme fire weather in different regions of the world.
Therefore, it is vital to explore the availability and merits of indices or indicators that

can be used to represent fire weather and to fully demonstrate their application in event
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attribution.

In addressing Research Question 1, the following conclusions can be made:

* Most of the world is associated with an increase in mean fire weather for all five
CFWIS indices. More than 25% of fire-prone grid points for all indices, including the
Americas, Australia, Europe, central Asia, and central and southern Africa, show a

significant positive trend.

* In about 40% of the world’s fire-prone grid points, particularly in temperate North
America, Europe, Africa, Boreal and Central Asia, the likelihood of an extreme
fire weather increases by a factor of four (PR>4) in response to global warming in

temperature. On the other hand,

* A decrease in the likelihood (PR<1) in response to a rise in global temperature suggests
that extreme fire weather appears to be less likely across all CFWIS indices in South
Asia, Southeast Asia, Northern Hemisphere South America, Western West Africa,

Southern and Eastern Africa.

* While spatial patterns in likelihood are relatively similar across the CFWIS indices,
some areas, such as Australia, display markedly different results, highlighting the

sensitivities to the choice of fire weather indicators.

* A set of recent exceptional extreme fire weather episodes are classified according to
the observational record, demonstrating how collective conclusions can be drawn from

the attribution of multiple events.

6.1.2 Research Question 2: What do state-of-the-art global climate mod-
els reveal about the extent to which extreme fire weather across the

world has been altered as a result of anthropogenic climate change?

Objective 2.1: To evaluate the performance of climate model large ensembles in
representing extreme fire weather. As the number of wildfire attribution studies grows,
there is an obvious need to continue to develop an understanding of the sources of
sensitivity and uncertainty associated with the results of these studies, particularly when
it comes to the most recent generation of climate models. In Chapter 4, a set of six

large ensembles (>10 members) from CMIP6 were evaluated. Generally, all models can
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reasonably represent the fire weather extremes although considerable regional differ-

ences are apparent. Best practice should include a model evaluation and/or selection step.

Objective 2.2: To estimate the changes in extreme fire weather conditions using
multi-model large ensembles from the latest generation of climate models. In Chap-
ter 4, following the empirical analysis (Objective 1.1), the same statistical methodology
was applied to the six large ensembles from CMIP6 to conduct the first global probabilis-
tic attribution of both the intensity and duration of extreme fire weather. Across much
of the world’s fire-prone regions, most models show a 2-fold increase in likelihood of
extreme fire weather occurrence as a response to globally warming temperatures since
the pre-industrial era, particularly in southern North America, south-eastern Europe, and
southern Australia. This trend is broadly consistent with the current understanding of

global fire weather activity and its relationship to climate change (e.g., Jain et al., 2022).

Objective 2.3: To facilitate and simplify communications from climate change mod-
elling studies, while dealing with large uncertainties. For some regions, differences
between models are evident, manifesting the large non-negligible uncertainties associ-
ated with the application of a single model and fewer simulations. This demonstrates the
importance of integrating the results of multiple climate models. In Chapter 4, synthesis
plots were generated from the results of the six CMIP6 model ensembles. Following the
model evaluation and selection to remove weaker-performing models, the results from
the model subset were combined and averaged. The result was the generation of more
reliable global maps of model-simulated changes the likelihood of fire weather extremes

defined by both intensity and duration.

In addressing Research Question 2, the following conclusions can be made:

* All six large-ensemble CMIP6 models realistically simulate extremes in both fire
weather intensity and duration. There are considerable regional differences among

models.

* The probability ratio of extremes in fire weather intensity has increased at least twofold
(PR>2) as a result of externally forced global warming in many parts of the world,
including central and southern North America, northern South America, and southern
Africa.
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The probability ratio of more prolonged extreme fire weather conditions has increased
noticeably by at least a factor of two (PR>2), particularly so in southern North America,
almost all over South America, southern Africa, Central and Southeast Asia, and parts

of Australia.

A model evaluation and selection step avoids the over- and under-estimation of the

probability analysis, offering a more robust synthesis results.

6.1.3 Research Question 3: How is climate change altering the risk

associated with recent episodes of high-impact fire weather?

Objective 3.1: To conduct attribution analysis on a series of extreme fire weather

case studies in different parts of the world. Based on the established framework

and the global results shown in Chapters 3 and 4, a set of attribution case studies are

conducted in Chapter 5. Three wildfire events were selected in Siberia in 2020 (cf.

Chapter 5.1), Cape Town in 2021 (cf. Chapter 5.2) and Euro-Mediterranean regions in
2022 (cf. Chapter 5.3).

2020 Siberian wildfires. This event covered a relatively large area. By selecting one
of the best performing CMIP6 models, CNRM-CM6-1, attribution results show 8 of
the 13 study point (termed “hotspots”) with an average of 10% increase in likelihood
in light of global warming temperatures. This study provided an initial attempt to

attribute simultaneously multiple extreme fire weather episodes.

2021 Cape Town wildfire. The far smaller spatiotemporal scale of this event is a
potential source of greater uncertainty, and an opportunity to emphasise the value of
using multiple climate models. Averaging the results from multiple models revealed
an overall increase in likelihood of 2021-type conditions of around 90%. This second
case study demonstrates that even relatively coarse globals climate models can still

deliver accurte and reliable results in studies on very limited spatiotemporal scales.

2022 Euro-Mediterranean wildfires. In the third case study, the framework is
extended for risk assessment of projected changes in risk in a future climate. The
CanESM5 model was chosen on the basis of its large set of 50 realisations, available
for both the past and the future. A collective averaging of results from multiple
selected locations where fire events occurred found an average increase in probability

by approximately 80% compared to 100 years ago, with a 60% increase in 1.5°C
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warming levels and an 80% increase in 2.0°C warming levels compared to today
under a future scenario of continued global temperature increase. This study poses the
inter-temporal information by combining the previous collective synthesis results to

make the findings more accessible to meet the diverse needs of society and academia.

Objective 3.2: To explore the potential for collective attribution of multiple extreme
fire weather events. Throughout the analysis of those three cases, the final objective is
also highlighted. Examples of how the fire danger of a specific wildfire event should be
defined in a meteorological context are conducted, with attempts at model selection and
synthesis in three disparate case studies. These provide the opportunity to give the most

robust statements and recommendations to the public and stakeholders.

In addressing Research Question 3, the following conclusions can be made:

* As a result of global warming, the meteorological conditions that coincided with
extreme wildfires in Siberia during 2020 were up to 80% more likely compared to a

century ago, with a 10% increase in average across the study region.

* According to the six large-ensemble CMIP6 models, the likelihood of the extreme fire
weather associated with the April 2021 wildfire in Cape Town has increased by 90%

due to the external forced warming temperatures.

» Across the Euro-Mediterranean regions, an overall increase in likelihood of approx-
imately 80% compared to one hundred years ago, and an increase of 60% at 1.5 °C
warming level and 80% at 2.0 °C warming level compared to the present climate
condition can be found for the 2022-type events in the context of continued global

temperature increases in the future.

The results presented in this thesis shed light on attributing global fire weather extremes

and typical wildfire cases spanning the changes from the past to the present, as well as

from the present to the future. It is hoped that the results of the research presented here

will contribute to the development of attribution study in fire weather extremes, offering

robust recommendations to reduce and address the hazards posed by wildfires and to improve

post-disaster resilience.
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6.2 Limitations and scope for further research

The results generated by this research have shed light on the sensitivities and uncertainties
associated with attribution of fire weather extremes. These include the choice of an appropri-
ate spatiotemporal definition for the extreme event, the choice of fire weather indicator(s),
and the selection, evaluation and, potentially, bias correction of the climate models(s). In
the pursuit of accurate and reliable overall findings, it is crucial for further study give full
consideration to these uncertainties and sensitivities, in addition to other limitations, which

are hereby discussed with respect to potential avenues for future research.

6.2.1 Recent developments in representing fire danger

This work has focused exclusively on the set of fire weather indicators derived from the
CFWIS. These indicators, particularly FWI, have been widely applied in many parts of
the world. However, it is important to consider other fire risk indices that have also been
proposed for different applications. These include the energy release component (ERC) from
the United States (US) national fire danger rating system and the Keetch-Byram drought
index (KBDI) from the US Department of Agriculture’s Forest Service. These indices are
included within National Fire Danger Rating System (NFDRS), and estimate, respectively,
how hot a fire could burn, the effects of intermediate to long-term drying, and the net effect
of evapotranspiration/precipitation in producing cumulative moisture deficiency in deep duff
(Keetch and Byram, 1968; Hall et al., 2003). Like the FWI, the NFDRS system is based
on environmental factors to understand the influence of ignition, spread, and behaviour of
wildland fires, but with slight differences in input requirements and sensitivities to alterations
in individual weather variables, such as temperature, precipitation, relative humidity and
wind speed. Similarly, the McArthur Forest Fire Danger Index (FFDI) from the Centre for
Australia Weather and Climate Research is widely used by Australian fire authorities to
provide daily forecasts of the impact of weather on fire activity (Dowdy et al., 2009).
Furthermore, an index that only includes weather inputs without the state of wildland
fuels or topography was introduced as the Lower Atmospheric Severity Index, known as
the Haines Index (HI; Haines, 1988). The Hot-Dry-Windy Index (HDW) conducted by
Srock et al. (2018) considers the potential for the atmosphere to affect a wildland fire by
using meteorological variables such as temperature, moisture, and wind. In addition, the
extreme-fire behavior index (EFBI; Artés et al., 2022) which considers the deep moisture
convection is conducted to focus on how easily the fire behavior can change. These indices

are particularly beneficial for investigating specific weather conditions such as wind shifts,
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thunderstorm outflows, and other complicated phenomena during a wildfire, illustrating the
potential for wildland fire predictions and the forecast of extreme fire behavior (Srock et al.,
2018; Artés et al., 2022).

While studies on specific indices can indicate the detailed alterations caused by climate
change directly, intercomparison of multiple fire risk indices may help further understand
weather and climatic driving mechanisms, better provide robust information on attributing

extreme events and potentially inform forecasting systems for the future.

6.2.2 Advanced postprocessing methodologies for climate models

While GCMs are acknowledged as the major source of knowledge about future climate, they
cannot provide entirely unbiased outputs (Maraun, 2016). Extreme events sometimes occur
on a local scale, which is below the typical model resolution (50-200km); therefore, higher
resolution for simulations, statistical postprocessing such as hybrid statistical-dynamical
downscaling, ensemble bias-correction, or stochastic modelling are necessary to solve the
problem (Kirchmeier-Young et al., 2019b). A good example from Hoerling et al. (2014)
provided strong evidence in the importance of simulating resolutions, which was beneficial
for the further step of statistical analysis. Additionally, to bridge the gap in regional-scale
information and govern regional- to local-scale extreme events, regional climate models
(RCMs) are becoming popular in the field (Maraun, 2016), such as convection-permitting
regional climate models which provide more robust climate projections and better identi-
fication of their associated uncertainties (Lucas-Picher et al., 2021). Except for the bias
from the aspect of poor understanding of physical algorithms, it is also helpful to reduce
the the impact of internal climate variability by using a large ensemble mean of climate
models with different forcing and scenarios (Otto et al., 2016; Stott et al., 2016). Then,
the approach of bias correction, for correcting the systematic difference between a climatic
statistical simulation and the corresponding real-world climate (Maraun, 2016), offers further
possibilities to reduce uncertainty.

Most bias corrections, such as quantile mapping, are applied to univariate time series.
The neglection of the connections between different variables often affect the accuracy
of simulations (Cannon, 2018; Vrac, 2018). The recent advanced bias correction method,
so-called multivariable bias correction algorithm, is advised by Cannon (2018), and offers an
inspiring way to improve the accuracy of relative models. This approach has been applied
by Kirchmeier-Young et al. (2017b) for the attribution research of fires in western Canada,

obtaining four variables (air temperature, relative humidity, wind speed, and precipitation)
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with a multivariate dependence structure. Advanced bias correction and downscaling within
the post-processing methodologies also offer a good point for improving the accuracy of
simulation outputs and strengthen the robustness of wildfire attribution studies, especially for
the regions of complex topography (Shepherd et al., 2018).

Additionally, as climate models are further developed, there is likely to be more emphasis
on available and reliable modelling of extreme values, which will potentially allow more
models to be included in the synthesis step to discretize uncertainty in the communication
process (van Oldenborgh et al., 2021b). Therefore, while the individual GCM and RCM
remain biased, the choice of the weighted scheme may be crucial to provide a more robust
synthesis result. Except for the simple weighted average from multiple model results
(i.e., reliability ensemble averaging; Giorgi and Mearns, 2002, 2003), weighting schemes,
considering both model performance and interdependence (Knutti et al., 2017), have been
developed for a better understanding of the uncertainty and sensitivity in climate models and

may prove beneficial in the pursuit of the most realistic simulation of fire weather extremes.

6.2.3 Novel techniques for attributing extreme events

Essentially, attribution studies are a kind of estimation problem tightly associated with
statistics (Stott et al., 2017). Based on this relation, some efforts have been inspired by the
possibility of applying Bayesian approaches, as an alternative way to solve this problem
(Coles, 2001). As early as 1996, Coles and Powell published a paper about the Bayesian
methods in extreme value modelling. Based on the prior experience, posterior distribution
can be obtained by the potential likelihood of the prior events (Coles and Powell, 1996).
However, a criticism of Bayesian approaches is that the result is strongly affected by the
prior distribution, which can subjectively be selected by humans (Stott et al., 2017). In this
case, the application of non-conditional probabilities that consider the risk irrespective of the
meteorological cause is desirable for a more generalized attribution (Otto et al., 2016).
Aside from the distinction between slight differences in probabilistic attribution studies,
the “storylines” approach originally proposed by Clark et al. (2016), to bypass the uncertainty
in physical aspects of climate change, has recently been applied in the context of attribution
(Shepherd et al., 2018). This approach concentrates on describing the extreme event rather
than seeking to calculate probabilities of the risks, namely aims at qualitative analyses
instead of quantitative estimations. In a particular extreme of the rain-on-snow event in
the Swiss Alps in October 2011, which led to severe flooding and mudflows, the warming

climate associated with the transport of a large amount of moisture to the Alps resulted
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in the snowmelt and the heavy rainfall in the western Alps (Shepherd et al., 2018). As
Shepherd et al. (2018) stated, the governments eventually established a mudflow dyke and
restructured the river morphology to prevent the potential risks caused by the warming
event. In general, this storyline method focuses on the actions taken for the further future
as a probable precautionary measure from the climate change aspect by considering and
understanding past historical events.

In summary, the selections of framing, statistical paradigms, and modelling are open
and creative. Attribution studies have no doubt given significant contributions in the field of
extreme events, improving the relative developments in the field. That said, viewing existing
approaches through a critical lens is an important part of innovation and the construction
of new methods. More than anything, it is hoped that the work presented here provides
a platform for further analysis, methodological comparison and the development of novel
approaches to further quantify and communicate wildfire risk in a changing climate. This
not only benefits the end users of such information but also guides them in transforming this

knowledge into actionable insights.
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Appendix A

Abbreviations & Acronyms

9%MAG - a percentage change in magnitude

AGCMs - atmospheric-only general circulation models
AOGCMS/CGCMS - coupled ocean-atmosphere general circulation models
BAMS - the Bulletin of the American Meteorological Society

BUI - Buildup Index

CEMS - Copernicus Emergency Management Services

CFWIS - Canadian Fire Weather Index System

CI - confidence intervals

CMIPS - the fifth phase of the Coupled Model Intercomparison Project
CMIP6 - the sixth phase of the Coupled Model Intercomparison Project
DC - Drought Code

DMC - Duff Moisture Code

EFBI - extreme-fire behavior index

ERA - ECMWF Re-Analysis

ERA-Interim - ECMWF Re-Analysis Interim

ERC - energy release component
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FAR - fraction of attributable risk

FFDI - the McArthur forest fire danger index

FFMC - Fine Fuel Moisture Code

FIRMS - Fire Information for Resource Management System
FRP - fire radiative power

FWI - Fire Weather Index

FWIx7day - the annual maxima in 7-day averaged FWI

FWIxCD90 - the annual maxima in the number of consecutive days for which FWI is above

the historical 90" percentile
GEYV - generalized extreme value distribution
GEFF-ERAS - Global ECMWEF Fire Forecast model
GFED - Global Fire Emissions Database
GISTEMP - the Goddard Institute for Space Studies Surface Temperature Analysis
GMST - global mean surface temperature
HDW - Hot-Dry-Windy Index
IPCC - Intergovernmental Panel on Climate Change
ISI - Initial Spread Index
KBDI - Keetch-Byram drought index

MERRA?2 - the second version of Modern-Era Retrospective analysis for Research and

Applications
MODIS - Moderate Resolution Imaging Spectroradiometer
MW - Megawatt
NFDRS - National Fire Danger Rating System

PR - Probability Ratio
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RR - Risk Ratio

SAFRAN - the French reanalysis Systeme d’Analyse Fournissant des Renseignements

Atmospheriques a la Neige
TRMM - Tropical Rainfall Measuring Mission
VIRS - Visible and Infrared Scanner
WMO - World Meteorological Organization
WREF - Weather Research and Forecasting Model

WWA - World Weather Attribution
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	Chapter 1 

	Introduction 
	Introduction 
	1.1 Background 
	1.1 Background 
	Wildfires constitute a major natural hazard and pose huge risk to many regions of the world, including serious damages to the environment, wildlife, human health and infrastructure (National Geographic Society, 2022; Sullivan et al., 2022; World Health Organization, 2023). The series of large fires across the globe in recent decades led to inevitable questions about how human-induced climate change may be altering the character of such events (National Academies of Sciences, Engineering, and Medicine, 2016)
	Long-term projections produced by state-of-the-art climate models, even reliable, are not always a suitable means of communicating risk. The link between a warming world and heat-related extremes (e.g., heatwaves and droughts) is reasonably well-understood. However, wildfires have been largely ignored by attribution studies to date. To assess past, present, and future risks in wildfire activities associated with climate change, the development of a seamless, globally applicable framework for wildfires becom

	1.2 Climate change and extreme events 
	1.2 Climate change and extreme events 
	Climate change refers to a global shift in climate, persisting for an undetermined period and driving regional impacts on land and oceans, as a result of human-induced changes in atmospheric concentration of greenhouse gases (Field et al., 2012). From the 1970s, climate change has become one of the most critical topics in global environmental debate (Jackson, 2007). Recent publications from the Intergovernmental Panel on Climate Change 
	Climate change refers to a global shift in climate, persisting for an undetermined period and driving regional impacts on land and oceans, as a result of human-induced changes in atmospheric concentration of greenhouse gases (Field et al., 2012). From the 1970s, climate change has become one of the most critical topics in global environmental debate (Jackson, 2007). Recent publications from the Intergovernmental Panel on Climate Change 
	(IPCC) emphasise the continuous significant impacts of climate change, including rising global temperatures and sea levels, the loss of ice volume and changes in global precipitation patterns (IPCC, 2021, 2022a,b, 2023). Similarly, there is a growing interest in quantifying how climate change affects regional climate and extremes (Figure 1.1; Ara Begum et al., 2022). Therefore, there is an urgent need to equitably explore the potential role of climate changes and its regional impacts throughout the world. 

	Figure
	Figure 1.1: Global density map of the climate impacts evidence from 77,785 studies (Ara Begum et al., 2022). 
	Figure 1.1: Global density map of the climate impacts evidence from 77,785 studies (Ara Begum et al., 2022). 
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	Extreme weather events constitute one of the most significant impacts of climate change. From the early 1990s, the IPCC suggested that human activities contributed to climate change in the form of a significant global temperature increase and, consequently, to the nature of high-impact events, such as heat waves, heavy rainfall, and drought (IPCC, 2014; National Academies of Sciences, Engineering, and Medicine, 2016; IPCC, 2023). Such changes affecting climate-related extremes have aggravated the vulnerabil
	Given the unprecedented increase in both the frequency and magnitude of extreme events, and their devasting impacts on natural and human systems, seeking to understand the contribution of anthropogenic climate change to extreme events has become a keen focus within climate science (Seneviratne et al., 2012; Field et al., 2012; National Academies of Sciences, Engineering, and Medicine, 2016; Otto et al., 2016; Philip et al., 2020; van 
	1.2 Climate change and extreme events 
	Oldenborgh et al., 2021a). In 2012, the IPCC issued a Special Report titled “Managing the risks of extreme events and disasters to advance climate change adaptation” (Field et al., 2012). As shown in Figure 1.2, the Report illustrated three broad cases, in which a changing climate is linked to corresponding changes in extremes (Lavell et al., 2012). In case 1 (Figure 1.2a), the distribution of day-to-day weather shifts toward a warming climate, resulting in less cold weather, more hot weather and, crucially
	While long-term climate change is often presented in an abstract, gradual, and complex way, extreme weather events tend to happen abruptly, and their impacts are immediately felt. In this sense, extremes are a tangible way in which people experience climate change (Howe et al., 2014; National Academies of Sciences, Engineering, and Medicine, 2016). As the most easily perceived extremes of climate change, extreme heat or precipitation often bring tremendous impacts on human society, economy, and ecosystems (
	During the last decade, the scientific community has taken action to explore the extent to which the nature of extreme weather has been altered by anthropogenic climate change. So-called attribution studies seek to quantify the role played by anthropogenic activities, or simply by a warming world, on the characteristics of extremes, including their frequency, magnitude, spatial extent, and seasonal timing. Attribution studies have provided an unprecedented pathway for scientists to draw clear linkages betwe
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	Figure
	Figure 1.2: The probability of specified events by a giving temperature distribution and its changes under three cases (Lavell et al., 2012). The probability density function with solid lines denotes the original distribution while the dashed lines represent the alterations under climate change conditions. 
	Figure 1.2: The probability of specified events by a giving temperature distribution and its changes under three cases (Lavell et al., 2012). The probability density function with solid lines denotes the original distribution while the dashed lines represent the alterations under climate change conditions. 
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	Figure
	1.4 Detection and attribution of climate change 
	Figure
	Figure 1.5: The likelihoods of catastrophic wildfire events all over the world shown significant increases by the end of the century (Sullivan et al., 2022). 
	Figure 1.5: The likelihoods of catastrophic wildfire events all over the world shown significant increases by the end of the century (Sullivan et al., 2022). 


	During the early definition of climate change from the United Nations Framework Convention on Climate Change (United Nations, 1992), climate change was first defined as a change of climate that is attributed directly or indirectly to human activity, altering the biogeochemical composition of the atmosphere at the global scale and cumulating its impact to natural climate variability on comparable time periods. The field of detection and attribution is, therefore, universally acknowledged as the main approach
	The report “Attribution of Extreme Weather Events in the Context of Climate Change” published by National Academies of Sciences, Engineering, and Medicine (2016) gave a general overview, aided by a widely-cited schematic depiction (Figure 1.6), of a wide range of extreme events, comparing the knowledge of the effect of climate change with the confidence in attributing each event type to anthropogenic climate change. This comparison illustrates a particularly high degree of confidence in both understanding a
	Event attribution remains an evolving subfield of climate science, and continues to develop in the face of methodological, philosophical and practical challenges. Most recently, World Weather Attribution (World Weather Attribution, 2023), has sought to provide rapid 
	Event attribution remains an evolving subfield of climate science, and continues to develop in the face of methodological, philosophical and practical challenges. Most recently, World Weather Attribution (World Weather Attribution, 2023), has sought to provide rapid 
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	attribution responses to extreme events, not only to provide answers to growing questions about the role of climate change (e.g., Sippel et al., 2015), but also to publicise the "immediacy" of climate risk while such answers are most in demand in the aftermath of a high-impact event. Responding in such a timely manner has the potential to support mitigation strategies (e.g., Wallace, 2012) and increase resilience to high-impact events. 
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	Figure
	Figure 1.6: The depiction from National Academies of Sciences, Engineering, and Medicine (2016) to assess the state of attributing types of extreme events. The horizontal axis represents the understanding level of the effect of climate change on the event type from low to high. The vertical axis reflects the scientific confidence in capabilities for attribution specific events to human-induced climate change. Positions below the diagonal dashed line show the potential improvements in attribution capability 
	1.5 Attribution study of extreme fire weather events 

	1.5 Attribution study of extreme fire weather events 
	1.5 Attribution study of extreme fire weather events 
	While the link between a warming world and heat-related extremes (e.g., heatwaves and droughts) is reasonably well-understood, there have been relatively few event attribution studies that have dealt specifically with wildfires (National Academies of Sciences, Engineering, and Medicine, 2016). In a summary compiled by Carbon Brief (2023), only 14 of 421 attribution studies published between 2004 and 2022 focused on wildfires (Figure 1.7). It is also notable that the figure is not completed, for instance, Li
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	Figure
	Figure 1.7: Worldwide distribution of 421 attribution studies of different types of extreme weather and climate events published between 2004 and 2022. The 14 attribution studies focused on wildfires are outlined in black (adapted from Carbon Brief, 2023). 
	Figure 1.7: Worldwide distribution of 421 attribution studies of different types of extreme weather and climate events published between 2004 and 2022. The 14 attribution studies focused on wildfires are outlined in black (adapted from Carbon Brief, 2023). 


	From a meteorological perspective, it is often preferable to define an event with respect to ‘fire weather’, the warm, dry and windy conditions that are conducive to fire ignition and spread. Such a definition has been the subject of several attribution stuides in recent years (Kirchmeier-Young et al., 2019b; Krikken et al., 2021; Barbero et al., 2020; Lewis et al., 2020; van Oldenborgh et al., 2021a). Fire weather is generally represented by a series of fire danger indicators calculated on the basis of sev
	Outside of a handful of studies, attribution of wildfires, or alternatively extreme fire weather, has yet to match the pace of other studies focusing on other thermodynamic extremes. Outside western North America and Australia, few fire-prone regions of the world have received much attention from the attribution community (Figure 1.7). In the case of southern Europe, eastern North America and northern Eurasia, this is particularly surprising given the prominence of wildfire outbreaks in recent years in thes
	The pursuit of robust, reliable wildfire attribution thus faces many challenges. Some of these, such as inter-study differences that emerge due to the choice of methodology and event definition, are common to many attribution studies (Philip et al., 2020; van Oldenborgh et al., 2021b). For fire weather attribution in particular, the lack of consensus on how fire danger should be defined in a meteorological context presents a crucial challenge. The lack of continuous observational records for wildfires is al
	1.6 Aim and objectives 

	1.6 Aim and objectives 
	1.6 Aim and objectives 
	To summarise the introduction and background provided earlier in Chapter 1, this PhD project is motivated by three themes: (a) the increasing prevalence and impact of severe wildfires in many parts of the world; (b) the relative paucity of wildfire, or otherwise fire weather, attribution studies and, consequently, the uncertainties associated with conducting such studies; (c) the potential of empirical-statistical methods to provide robust conclusions when applied to data from both observations and the late
	Research Question 1: To what extent can observed worldwide changes in extreme fire weather during recent decades be linked to warming global temperatures? 
	Research Question 1: To what extent can observed worldwide changes in extreme fire weather during recent decades be linked to warming global temperatures? 

	Objective 1.1: To develop and apply a global approach for extreme fire weather attribution upon which future studies can build. Despite the rapid development of attribution methodologies for extreme events in the last decade, studies dedicated explicitly to wildfire, or otherwise extreme ‘fire weather’, are still relatively few and generally limited to a handful of regions around the word. There is a lack of consensus on how to define and attribute fire risk in a meteorological context. Here, a probabilisti
	Objective 1.2: To evaluate the uncertainty concerning the choice of fire weather indicators and metrics in linking regional trends in observed fire weather extremes to globally warming temperatures. Using observational data, the influence of recent global warming on the frequency and magnitude of fire weather extremes is quantified according to a common spatiotemporal definition, which also benefits the further application to climate model ensembles. Using a series of fire weather indices, the applicability
	Objective 1.2: To evaluate the uncertainty concerning the choice of fire weather indicators and metrics in linking regional trends in observed fire weather extremes to globally warming temperatures. Using observational data, the influence of recent global warming on the frequency and magnitude of fire weather extremes is quantified according to a common spatiotemporal definition, which also benefits the further application to climate model ensembles. Using a series of fire weather indices, the applicability
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	world’s fire-prone regions. 

	Research Question 2: What do state-of-the-art global climate models reveal about 
	Research Question 2: What do state-of-the-art global climate models reveal about 

	the extent to which extreme fire weather across the world has been altered as a result of 
	the extent to which extreme fire weather across the world has been altered as a result of 

	Objective 2.1: To evaluate the performance of the latest generation of global climate models in representing extreme fire weather. It is important to evaluate the applicability of each model since significant differences exist between climate models, especially for different variables where the output results can be considerably varied. Therefore, in attribution studies, model-to-real-world comparison of parameters estimated from the extreme value distribution can be applied to assess the capacity of climat
	anthropogenic climate change? 
	-
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	Objective 2.2: To estimate the changes in extreme fire weather using multiple large ensembles from the latest generation of climate models. Using historical scenarios from the latest generation of climate models that provide longer-term time series, we use multiple large ensembles to produce maps representing changes in the probability ratio of the intensity and duration of extreme fire weather intensity and duration in response to externally forced rising global temperatures. Climate model large ensembles 
	Objective 2.3: To facilitate and simplify communications from climate change modelling studies, while dealing with large uncertainties. Evaluations and selections of models in strong performance based on Objective 2.2 is beneficial to account for the impact of internal (natural) climate variations affecting climatic mean-state on regional and decadal scales, therefore generating the global synthesis plots with a holistic summary, supporting and informing decision-makers and practitioners in an intuitive way
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	1.7 Structure of thesis 
	Research Question 3: How is climate change altering the risk associated with recent episodes of high-impact fire weather? 
	Research Question 3: How is climate change altering the risk associated with recent episodes of high-impact fire weather? 

	Objective 3.1: To conduct attribution analysis on a series of extreme fire weather case studies in different parts of the world. A series of attribution case studies target recent high-impact wildfires driven by one or more episodes of extreme fire weather. The case studies follow the approach initially set out in Objective 1.1, along with the conclusions and recommendations drawn from Objectives 1.2, 2.1 and 2.2, in order to demonstrate the applicability of the empirical-statistical framework to real world
	Objective 3.2: To explore the potential for collective attribution of multiple extreme fire weather events. To date, the relative paucity of wildfire attribution studies, coupled with limited observational records, makes it difficult to draw solid and collective conclusions to better inform risk assessment and adaptation strategies. The inter-study differences that emerge due to the choice of methodology and event definition are common to many attribution studies; for wildfire attribution in particular, the
	-


	1.7 Structure of thesis 
	1.7 Structure of thesis 
	Following the introduction given in Chapter 1, this thesis contains five further chapters. In Chapter 2, wildfire events associated with human-induced climate change will be reviewed from perspectives of the driving mechanism, historical trends and current occurrence, approaches of framing and assessing in a climatic aspect and the potential attempts in the future. This part of the literature review encompasses the development of attribution studies on extreme weather events in the context of climate change
	Following the introduction given in Chapter 1, this thesis contains five further chapters. In Chapter 2, wildfire events associated with human-induced climate change will be reviewed from perspectives of the driving mechanism, historical trends and current occurrence, approaches of framing and assessing in a climatic aspect and the potential attempts in the future. This part of the literature review encompasses the development of attribution studies on extreme weather events in the context of climate change
	-
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	probabilistic framework conducted at the beginning. In Chapter 4, a series of large-ensemble climate models with long-term time series are evaluated and selected to attribute the current fire weather risks associated with the external forced warming temperature anomalies in both intensity and duration, with an additional step to generate a global synthesis plot. Chapter 5 draws together analyses of three independent case studies of wildfires associated with 

	Figure
	Figure 1.8: Schematic diagram of the research questions and objectives, including datasets and result chapters. 
	Figure 1.8: Schematic diagram of the research questions and objectives, including datasets and result chapters. 


	1.7 Structure of thesis 
	extreme fire weather to understand and quantify the past, present and future risk associated with a changing climate. In Chapter 6, all the findings are summarised in relation to the questions and objectives stated in section 1.6. Further discussions and recommendations with potential limitations and improvements are concluded for future developments. 
	Chapter 2 


	Literature Review 
	Literature Review 
	2.1 Linking fire weather and fire risks in the context of climate change 
	2.1 Linking fire weather and fire risks in the context of climate change 
	Early studies of wildfires often concentrated on assessing burning areas and severities of burning as basic statistical analyses. With recent progress in research, the issue of identifying and analysing the risk of wildfires quantitatively became the focus. The intuitive reasoning that the combination of low humidity and high temperature can increase the ignition of fuels, and lead to the risk of wildfire has gradually led to ideas about the association between fire danger and weather (Vitolo et al., 2019).
	In one of the earliest attempts to link climate-fire relationships, Cohen and Deeming (1985) introduced a system called National Fire Danger Rating System (NFDRS) to establish the degree of fire hazard and the risk of fire spread by utilizing various models with the constitution of daily meteorological fields. Subsequently, Van Wagner (1987) introduced a similar approach to assess relative risks termed the Canadian Fire Weather Index System (CFWIS), which generates a set of fire behaviour indices using obse
	Figure
	2.2 “Detection” and “attribution” study 
	fire in the early stages shortly after ignition; Buildup Index (BUI) combines current DMC and DC to represent a numerical rating of the total amount of fuel available for combustion and is an estimate of potential heat release in heavier fuels. The final calculation is the Fire Weather Index (FWI), which represents a numerical rating of the general fire intensity and, therefore, a general index of fire danger (Vitolo et al., 2019). While the CFWIS parameters pertaining to, for instance, vegetation type, fue
	In summary, through the simple input of sole weather patterns and procedures of calculating relative indices, the risks of potential fires can be estimated. According to previous studies, CFWIS often shows the best performance among indices (including NFDRS) almost all over the world and its replicability and adaptability are universally acknowledged (Krikken et al., 2021). Hence, the focus will be mainly given to the CFWIS. 
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	Studies using the global fire danger reanalysis dataset by Vitolo et al. (2019) enabled to provide a worldwide map for FWI calculated cell by cell from 1980 to 2017 (Figure 2.2). Areas with red-covered, particularly in northern Africa and the Middle East region, manifest the severe conditions prescribed by FWI (Figure 2.2). It is important to note that the most extreme FWI conditions (i.e. hot, dry and windy prevailing meteorology) are not necessarily associated with fire activity; many such conditions are 

	2.2 “Detection” and “attribution” study 
	2.2 “Detection” and “attribution” study 
	The concept of “detection of change” was first introduced in the 1990s by IPCC (1995), illustrating the progress in better defining the background natural variability of the climate system. “Detection” studies aim to identify long-term changes in meteorological variables or climate phenomena irrespective of their causes. Attempts to detect observed changes in climate variables, such as global mean surface temperature (GMST), were also shown by using various approaches and observational datasets across diffe
	Estimates of naturally and non-naturally driven climate fluctuations on a century scale remain difficult to obtain directly from observations, especially due to the lack of multi-centennial datasets, and the complexity of accurately disentangling natural and non-natural 
	Estimates of naturally and non-naturally driven climate fluctuations on a century scale remain difficult to obtain directly from observations, especially due to the lack of multi-centennial datasets, and the complexity of accurately disentangling natural and non-natural 
	forcings from one realisation of climate (the observed one). This is why “attribution” studies were developed to quantify the relative contribution of one or more drivers of detected changes (Le Treut et al., 2007; Hegerl et al., 2010). “Detection” and “attribution” are individual concepts, but are also closely interrelated at a technical level, as defined by the Second and Third Assessment Report of the IPCC at the early stage (IPCC, 1995, 2001). For instance, Figure 2.4 illustrates how two scenarios from 

	Figure
	Figure 2.2: 90percentile of FWI calculated cell by cell for the period 1980 – 2017 (Vitolo et al., 2019). 
	Figure 2.2: 90percentile of FWI calculated cell by cell for the period 1980 – 2017 (Vitolo et al., 2019). 
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	Detection and attribution analyses of climate change were originally designed for observed changes and trends in any climate-related phenomena at both short-term and long-term time scales, for instance, the extreme heat events from as little as one day to at least one year (Hegerl et al., 2010; National Academies of Sciences, Engineering, and Medicine, 2016). With the increasing frequency and intensity of extremes, attribution science has shifted towards quantifying changes in the likelihood, and/or magnitu
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	2.2 “Detection” and “attribution” study 
	Figure
	Figure 2.3: Changes in surface temperature over large regions derived from publications since 1881 (Le Treut et al., 2007). Köppen (1881) represented the land air temperature over tropics and temperate latitudes. Callendar (1938), Willett (1950), Mitchell (1963), Jones et al. (1986a, b) and Hansen and Lebedeff (1987) showed the observational records from global land stations. Callendar (1961) represents the observed temperature from 60°N to 60°S using land stations. Budyko (1969) displayed the temperature i
	Detecting and attributing long-term trends and changes in climate, therefore, requires observational data sets, whose network density as well as temporal resolution have substantially increased over the past two decades (National Academies of Sciences, Engineering, and Medicine, 2016). Meanwhile, the capability of computing power continues to grow rapidly, offering the necessary support for large climate model ensembles and probabilistic statistical modelling (National Academies of Sciences, Engineering, an
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	An overview of the evolution of detection and attribution science is illustrated in Figure 
	2.5. Early work in the detection and attribution of warming and increased rainfall concentrated 
	2.5. Early work in the detection and attribution of warming and increased rainfall concentrated 
	on defining the “unusual” changes in statistical aspects and identifying the signal from anthropogenic aspects compared with disparate scenarios in models (IPCC, 1995). 

	Figure
	Figure 2.4: GMST anomalies (°C; as the reference period of 1890–1919) from the ensemble mean (red line) and corresponding ensemble member range (pink shading) for each run from its time series of annual values (Meehl et al., 2004). 
	Figure 2.4: GMST anomalies (°C; as the reference period of 1890–1919) from the ensemble mean (red line) and corresponding ensemble member range (pink shading) for each run from its time series of annual values (Meehl et al., 2004). 


	Subsequently, the science community combined the approaches to the probabilistic theory of extremes, quantifying changes in the likelihood of extremes (IPCC, 2007, 2014). Among these studies, Allen (2003) introduced the metric known as the fraction of attributable risk (FAR) from the legal instead of physical perspective, and this method was widely acknowledged in the attribution studies to show the estimate of the probability of an adverse event risk attributable to human influence on climate. Stott et al.
	2.3 Conditional vs. non-conditional attribution approaches 
	Figure
	Figure 2.5: Evolution of detection and attribution study since 20century. 
	Figure 2.5: Evolution of detection and attribution study since 20century. 
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	a series of studies advised by the Bulletin of the American Meteorological Society and IPCC concentrated on attribution studies of extremes, brought substantial outcomes, e.g., to what extent changes in the likelihood of extremes are thermodynamically-driven (i.e., purely driven by changes in temperature; Stott et al. 2016). 

	2.3 Conditional vs. non-conditional attribution approaches 
	2.3 Conditional vs. non-conditional attribution approaches 
	The notions of conditional and non-conditional aspects of event attribution divided the community (Stott et al., 2016). Conditional attribution aims at answering the questions about the changes in likelihood or intensity under the limitation of one or more slowly varying parts of the climate system (for instance, selections of specific years under the condition of El Nino as observed for conditional attribution studies; National Academies of Sciences, Engineering, and Medicine, 2016). By contrast, non-condi
	The so-called “conventional” (conditional) approach to attribution described by (Stott et al., 2013) uses physical-based assessments of observed weather or climate-related events 
	The so-called “conventional” (conditional) approach to attribution described by (Stott et al., 2013) uses physical-based assessments of observed weather or climate-related events 
	to identify the changes of risks to specific factors and estimate the contributions of factors in event attribution. This conventional method of probabilistic analysis can directly assess the risk for the extreme event in response to a particular weather situation or weather pattern, having considerable success with extremes involved with the thermodynamic aspect of climate change (Trenberth et al., 2015). For thermodynamic-related events, higher performances both in the confidence of attributing extremes a
	-


	Due to the intricacy and incomplete comprehension of the physical mechanisms involved, various attribution studies on tropical cyclones, wildfires, and storms remain constrained by the availability of observations, modeling approaches, and specific topographical considerations (National Academies of Sciences, Engineering, and Medicine, 2016). This challenge is, therefore, promoting other approaches to make efforts in estimating the change in probability of the climatic or weather state (Otto et al., 2016). 
	-
	-
	-
	-

	In a specific individual circumstance, to what extent the anthropogenic climate change influences the relationship between large-scale circulations and regional events is helping understand isolating drivers in extremes (Otto et al., 2016). The framing of the attribution question has a considerable influence on the results and their interpretation. This issue can be illustrated using the example of the Colorado Boulder flood in September 2013, which was first analysed by Hoerling et al. (2014) and then by T
	2.3 Conditional vs. non-conditional attribution approaches 
	the eastern Pacific Ocean) to the west of Mexico and one of the reasons for the anomalously warm sea surface temperature in this region is anthropogenic climate change itself (Trenberth et al., 2015). This case stressed the importance of different framing of the attribution studies, so that only comprehensive and systematic evaluations of all possible sources and internal relationships between the variables can be provided in the most consistent and accurate way. However, investigating the cause of the same
	The conditional vs non-conditional comparison has slowly grown into a refined debate about storyline vs probabilistic (or, alternatively, risk-based) approaches to attribution, their relative merits and limitations, and how they can be used to complement one another. The storyline vs probabilistic debate is discussed in further detail in Chapter 3 (section 3.2.1). Philip et al. (2020) note that, while the storyline approach is very important in understanding the meteorological origin and anatomy of a partic

	2.4 Framing of the attribution question 
	2.4 Framing of the attribution question 
	A scientific answer is always based on the question to be addressed. In the context of attribution studies, this refers to framing the work to be undertaken according to the context, for instance, different variables and/or regions (National Academies of Sciences, Engineering, and Medicine, 2016). When the relative impact of anthropogenic forcing versus natural variability comes into play, further framing issues are advised (National Academies of Sciences, Engineering, and Medicine, 2016). 
	2.4.1 Review of advances in attribution studies 
	2.4.1 Review of advances in attribution studies 
	During the 1990s, most efforts addressing the attribution question focused on observed long-term trends, meteorological variables, climate phenomena and the relationship with anthropogenic activities (Zhai et al., 2018). Given the limitation of computing power and data resolutions, using a global atmospheric model in extreme attribution studies was limited for years (National Academies of Sciences, Engineering, and Medicine, 2016). In 2003, a widely acknowledged method, known as the fraction of attributable
	Figure
	Figure 2.6: Fraction of attributable risk of undesirable events (Allen, 2003). A ‘mean likelihood-weighted liability’ by averaging over all possibilities consistent with currently available information is estimated to show the changes. 
	Figure 2.6: Fraction of attributable risk of undesirable events (Allen, 2003). A ‘mean likelihood-weighted liability’ by averaging over all possibilities consistent with currently available information is estimated to show the changes. 


	2.4 Framing of the attribution question 
	2.4 Framing of the attribution question 
	The first attempt at attributing an individual extreme event was the analysis of the European heatwave in 2003 conducted by Stott et al. (2004). As Stott et al. (2004) discussed, it is difficult to answer whether the external forcing (such as the increase of greenhouse gas emissions) is blamed to cause such kinds of heatwaves, because internal climate variability could also lead to the occurrence of this event by chance. However, the estimation of the changing likelihoods can be attributable to how much hum
	According to Allen (2003), Hannart et al. (2016), National Academies of Sciences, Engineering, and Medicine (2016), the concept of ‘Risk Ratio (RR)’ or ‘Fraction of Attributable Risk (FAR)’ or ‘Probability Ratio (PR)’ became the dominant metric to define the change in the probability of occurrence of an extreme event, which can be calculated as in Eq. (2.1-2.2): 
	-

	pf pf − pcRR = or FAR = (2.1)
	pc pf 
	ppast ppresent 
	ppast ppresent 

	PR = or (2.2)
	ppresent pf uture 
	where pf represents the likelihood of an extreme event in the factual climate containing the anthropogenic contribution to climate change and pc is the counterfactual climate without the impact of human-induced climate change; ppast represents the likelihood of an extreme event occurred under the past climate, ppresent is the likelihood of such event occurred under the present climate and pf uture shows that under the future scenarios. 
	Using this concept, Stott et al. (2004) provided a comparison between the occurring probabilities of a recorded heatwave event and its likelihood without anthropogenic effects on climate using an ensemble of climate model simulations. The study showed that a heatwave like the 2003 event has an increased likelihood as a response to anthropogenic climate change. After that, new operational systems, applying the FAR for assessing the attribution 
	Using this concept, Stott et al. (2004) provided a comparison between the occurring probabilities of a recorded heatwave event and its likelihood without anthropogenic effects on climate using an ensemble of climate model simulations. The study showed that a heatwave like the 2003 event has an increased likelihood as a response to anthropogenic climate change. After that, new operational systems, applying the FAR for assessing the attribution 
	of extremes emerged and developed. Hannart et al. (2016) proposed a causal framework for event attribution, providing likelihoods of necessary and sufficient causation of an event. As the easiest way to interpret the probability of a class of events rather than an individual event, the FAR offers a very useful insight through comparisons between factual and counterfactual worlds (National Academies of Sciences, Engineering, and Medicine, 2016). 



	2.4.2 Methodology of event attributions 
	2.4.2 Methodology of event attributions 
	For any extreme event, multiple factors from natural or anthropogenic sources always interact with each other, thus, event attribution should not be framed as human-induced or natural given that it will always be a combination of both (National Academies of Sciences, Engineering, and Medicine, 2016). An essential part of the event attribution is the way of framing, while the result is sensitive to the question and its context. Therefore, it is useful and vital to state an explicit framework and explain the 
	The choices of the framework can contain the interpretation of a single event, the condition that is involved, the assessment of the frequency and intensity of an event, and the definition of the event, among other factors (National Academies of Sciences, Engineering, and Medicine, 2016). The last decade has seen the development of different approaches for event attribution analysis, which in turn has led to a significant discussion of their merits, offering results in more than one way and providing dispar
	Considering the setup of a spatiotemporal event definition, the natural first step of event attribution is always the study of observations to determine the extremeness and rarity of the events in historical records, e.g., using statistical analysis to estimate the return period for types of events. Subsequently, climate models may be utilised to link the knowledge of the whole climate system to typical events by suitable observations, quantifying the contributions from human activities (National Academies 
	2.4 Framing of the attribution question 
	2.4 Framing of the attribution question 
	climate change (Stott et al., 2016, Zhai et al., 2018; further explanations are available in section 2.4.4). 
	Observations are broadly employed in all attribution studies. However, real-world trends always have large uncertainties, particularly for the wildfire extremes, due to the limited years of observational records. Thus, when available, the employment of long-term historical records and statistical analysis is an excellent way to quantify the likelihood of extreme events and their corresponding circulation periods. For instance, Pall et al. (2011) used the data of daily river runoff for England and Wales in t
	Climate models with longer-term simulations (>100 years) are widely applied to present the proper signals for the event (National Academies of Sciences, Engineering, and Medicine, 2016). Different types of climate model simulations can be used, but coupled ocean-atmosphere general circulation models (AOGCMs or CGCMs) are commonly used to provide the most comprehensive and systematic simulation of the climate systems. CGCMs are also the primary choice for analysing the historical and future trends in extreme
	Additionally, atmospheric-only GCMs (AGCMs), with forced changes in the atmosphere induced by observed sea-surface temperature, are also recommended in recent years. According to Walters et al. (2017), the Hadley Centre system (HadGEM3-A-N216) developed by the UK Met Office is to attribute extreme events, the role of human-induced climate change can be more clearly discerned, as uncertainties associated with AGCMs are lower 
	Additionally, atmospheric-only GCMs (AGCMs), with forced changes in the atmosphere induced by observed sea-surface temperature, are also recommended in recent years. According to Walters et al. (2017), the Hadley Centre system (HadGEM3-A-N216) developed by the UK Met Office is to attribute extreme events, the role of human-induced climate change can be more clearly discerned, as uncertainties associated with AGCMs are lower 
	-

	than in CGCMs. The conditioning result is frequently employed to prescribe observed sea surface temperature anomalies by considering a counterfactual world rather than an unforced nature without anthropogenic effects (Stott et al., 2016). It is desirable to include multiple counterfactual conditions (mentioned in Eq. 2.2) to compare with human-induced impacts. Besides, new ideas about applying the Weather Research and Forecasting (WRF) model to extreme event attribution introduced by Tradowsky et al. (2020)

	Figure
	Figure 2.7: Comparisons in model resolutions, number of simulations for the historical and future periods between CMIP5 (the top CMIP belonging to each climate modelling center) and CMIP6 (the bottom CMIP belonging to each climate modelling center) (Bourdeau-Goulet and Hassanzadeh, 2021). 
	Figure 2.7: Comparisons in model resolutions, number of simulations for the historical and future periods between CMIP5 (the top CMIP belonging to each climate modelling center) and CMIP6 (the bottom CMIP belonging to each climate modelling center) (Bourdeau-Goulet and Hassanzadeh, 2021). 




	2.4.3 Quantifying changes in the likelihood of extreme fire-weather in response to warming temperature 
	2.4.3 Quantifying changes in the likelihood of extreme fire-weather in response to warming temperature 
	Generally, the study of changes in extreme events primarily focuses on frequency and intensity (Stott et al., 2016). With the available datasets for event attributions, the approach of plot fitting became a good point to see the corresponding distributions for the outputs (King et al., 2015; van Oldenborgh et al., 2015). In event attribution study, two main statistical distributions, namely Generalized Extreme Value (GEV) distribution (P(x)) and Generalized Pareto Distribution (GPD; H(x − u)) are often util
	2.4 Framing of the attribution question 
	2.4 Framing of the attribution question 
	x − µ − 
	1 

	P(x)= exp[−(1 + ξ ) ] (2.3)
	ξ 

	σ 
	where x is the variable for the research objective (for instance, here x represents FWI for wildfires), −∞ < µ < ∞,−∞ < ξ < ∞. µ and σ here are location and scale parameters, respectively, and ξ is the shape parameter. 
	ξ x − 
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	H(u − x)= 1 − (1− ) (2.4)
	ξ 

	σ 
	σ 

	where x is still the variable for the research objective, u is the threshold, σ and ξ are the scale and shape parameter, respectively (Coles, 2001). 
	The parameterization scheme for the parameters in GEV and GPD is also commonly used to estimate the trend in transient data. The 4-yr smoothed global mean surface temperature (GMST) anomaly T is employed to present parameters, combined with the bootstrapping steps and the 95% uncertainty range shown below (Figure 2.8) according to van Oldenborgh et al. (2021a). The 4-yr smoothing is chosen to reduce the ENSO component of GMST, which is not external forcing and therefore not related to the trend, and this sh
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	with the shape parameter ξ assumed constant. Significant increases in temperatures are strong evidence for the applicability of the methods. Almost all the statistical analyses for wildfires applied these two fits (especially GEV fit). For instance, Krikken et al. (2021) applied a GEV fit only, while others applied both 
	Figure
	Figure 2.8: GEV fit to the bushfire regions of a new parametrization method by van Oldenborgh et al. (2021a). The position parameter is linearized by GMST while the scale and shape parameters are constant. 
	Figure 2.8: GEV fit to the bushfire regions of a new parametrization method by van Oldenborgh et al. (2021a). The position parameter is linearized by GMST while the scale and shape parameters are constant. 
	-
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	a GEV fit and a GPD fit (Barbero et al., 2020; van Oldenborgh et al., 2021a). By applying the spatial and temporal extents of the risks that relate to fire suppressions, a decision for the threshold of the minimal occurring condition can be obtained afterwards. Throughout the fitting plots supported by the observational dataset and model simulations, appropriate statistical distributions including probability density function scaled to the past (blue), present (dark grey) and future climates (orange and red
	Figure
	Figure 2.9: An example of annual Fire Weather Index (FWI) maxima fitted to GEV scaled to the global mean surface temperature under the past, present and future climates. 
	Figure 2.9: An example of annual Fire Weather Index (FWI) maxima fitted to GEV scaled to the global mean surface temperature under the past, present and future climates. 


	The demonstrated statistical approach above offers substantial outcomes for the attributions of not only wildfires, but most extreme events (i.e., heavy precipitations, heat waves, tropical cyclones; National Academies of Sciences, Engineering, and Medicine, 2016). 
	-

	Note, however, that this statistical approach is desirable only if there is a strong causal link between the covariate and anthropogenic climate change (National Academies of Sciences, Engineering, and Medicine, 2016). Otherwise, an underestimation or overestimation of 
	Note, however, that this statistical approach is desirable only if there is a strong causal link between the covariate and anthropogenic climate change (National Academies of Sciences, Engineering, and Medicine, 2016). Otherwise, an underestimation or overestimation of 
	trends would be produced eventually due to other factors from natural variability (National Academies of Sciences, Engineering, and Medicine, 2016). Based on the latest research by van Oldenborgh et al. (2021a), two types of uncertainties can be witnessed: i) internal/natural climate variability can strongly influence regional and decadal climate trends; ii) different computing tools and inputs could lead to slightly different results (e.g., datasets [different observational datasets or models], fire weathe



	2.4.4 Sensitivities and uncertainties of climate models 
	2.4.4 Sensitivities and uncertainties of climate models 
	Estimating climate sensitivity is becoming a crucial aspect to understand climate change (Stott et al., 2016; Knutson et al., 2017). Model-to-model differences largely exist given the internal variability and the forced response to external forcing in the models (Maher et al., 2021), while multi-model averaging is an efficient approach to reducing the uncertainties related to climate models (Georgakakos et al., 2004; Exbrayat et al., 2010; Taylor et al., 2012; Sansom et al., 2013; Her et al., 2016; Eyring e
	The main sources of uncertainty in CGCMs come from two aspects, namely model and scenario uncertainty, internal/natural climate variability (Hawkins and Sutton, 2011). For model uncertainty, model simulations, either over the historical period or the future, might be disparate between different models, which were built using different atmospheric, ocean, sea-ice and land-surface models (Knutti, 2010; Masson and Knutti, 2011; Dieppois et al., 2019); even under the same radiative forcing, some models may be m
	2.4 Framing of the attribution question 
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	individual realizations, while that uncertainty range is progressively reduced when using larger ensemble sizes (i.e., 10, 20, 50, 200). Therefore, using climate models with a larger ensemble size can be more effective to separate the forced response from internal variability, and to reduce associated uncertainties (Milinski et al., 2020; Maher et al., 2021). 
	Figure
	Figure 2.10: Global annual mean near-surface air temperature from the MPI-GE 200-member historical ensemble from 1850 to 2005 (Milinski et al., 2020). The dark blue line represents the time series of 200-member ensemble mean. Shaded regions show the range of forced responses estimated by resampling 1000 times for 3, 10, 20 and 50 ensemble sizes. The light grey shading shows the range of the full ensemble, i.e., the minimum to maximum of all the 200 realisations for every single year. 
	In addition, reliabilities from climate model simulations, either at the global or regional scale, determine the attribution outputs substantially (Stott et al., 2016). Model errors occur not only in the dynamic aspect of climate change but are also affected by climate sensitivity (Shepherd et al., 2018). The observations are vital for the whole study, as the model evaluation and selection step are based on the fidelity to observed, realistic data (National Academies of Sciences, Engineering, and Medicine, 
	Given the discrepancies between the observations and simulations, bias correction methods are universally utilized in event attributions (Philip et al., 2020; van Oldenborgh et al., 2021b). For instance, simple additive and multiplicative bias corrections are applied in the three case studies (cf. Chapter 5, section 5.1, 5.2 & 5.3). Notably, biases also arise from the motivation of choices, such as the choice of a specific event and the metric used to communicate the changes in risks, and this has potential
	Given the discrepancies between the observations and simulations, bias correction methods are universally utilized in event attributions (Philip et al., 2020; van Oldenborgh et al., 2021b). For instance, simple additive and multiplicative bias corrections are applied in the three case studies (cf. Chapter 5, section 5.1, 5.2 & 5.3). Notably, biases also arise from the motivation of choices, such as the choice of a specific event and the metric used to communicate the changes in risks, and this has potential
	-

	rarity of the meteorological event, and therefore the return period of the event can be very sensitive to this choice (Philip et al., 2020). However, if the primary focus is addressed on a climatological understanding of events, or to inform adaption and strategies, these biases caused by selections will be not relevant (National Academies of Sciences, Engineering, and Medicine, 2016). 




	2.5 Summary of the datasets used in recent wildfire attribution studies 
	2.5 Summary of the datasets used in recent wildfire attribution studies 
	-

	Often, even under the common spatiotemporal definition of the extreme event, attribution results can vary considerably due to the choice of the indicator used and climate models chosen to represent the fire weather risks. Hence, this thesis is seeking and exploring the sensitivities and uncertainties of disparate possibilities, including the choice of fire weather indicators, state-of-art models with long-term simulations and corresponding model evaluation and selection steps. In addition, a bias-correction
	Table 2.1 presents the latest attribution study of wildfires in regions worldwide. Throughout the exploration, the influence of human-induced components can be compared with counterfactual situations intuitively, evidenced by the real impacts from humans (Otto et al., 2016; National Academies of Sciences, Engineering, and Medicine, 2016). Although results differ from time to regions, apparent growth in risk ratios still strengthens the study of framing and attributing wildfire events. 
	-

	The Global Fire Emissions Database (GFED) for the observational datasets always became the choice for researchers to analyze the burning areas worldwide (for instance, biomass burning emissions from small fires by Randerson et al. (2012) and global fire emissions by van der Werf et al. (2017). This dataset can provide the global monthly burned area with a resolution of 0.25° (∼27-28 km). Based on these observations, combinations with the satellite-derived data from the Moderate Resolution Imaging. Spectrora
	2.5 Summary of the datasets used in recent wildfire attribution studies 
	Table 2.1: Latest attribution studies in wildfires. 
	Country/ Region 
	Country/ Region 
	Country/ Region 
	Observational/ Reanalysis Data (applying period) 
	Fire Indices 
	Models (with bias correction in bold) 
	-

	RR or PR 

	British Columbia, Canada (Kirchmeier-Young et al., 2017b) 
	British Columbia, Canada (Kirchmeier-Young et al., 2017b) 
	MERRA2(19802018), GFWED 
	-

	CFFDRS (FWI) 
	CanESM2 (CanRCM4) 
	-

	∼6 

	Sweden 
	Sweden 
	ERA-I, ERA5, 
	FWI 
	CMIP5 (EC-Earth v2.3 
	∼1-3 

	(Krikken 
	(Krikken 
	MERRA2 (1980
	-

	[1.1°], CESM1 [1°], 

	et al., 2021) 
	et al., 2021) 
	2018); JRA-55 (1955-2018) 
	etc.), Weather@Home [0.25°] 

	France (Barbero et al., 2020) 
	France (Barbero et al., 2020) 
	SAFRAN (1958-2017) 
	FWI, KBDI 
	CMIP5 
	> 50 

	Southeastern 
	Southeastern 
	Berkeley Earth cli-
	FWI 
	CMIP5 (EC-Earth v2.3 
	∼0.8-8 

	Australia (van 
	Australia (van 
	mate analysis, AWAP, 
	[1.1°], CESM1 [1°], 

	Oldenborgh 
	Oldenborgh 
	GISTEMP, ACORN
	-

	CanESM2 [2.8°], etc,) 

	et al., 2021a) 
	et al., 2021a) 
	SAT, CERA-20C (1900-2010) 
	HadGem3-A [0.6°], ASF20C [0.71°], CMIP6 (low resolution), Weather@Home [1.8°] 
	-


	Brazil (Li et al., 2021) 
	Brazil (Li et al., 2021) 
	ERA5 (1987-2019) 
	FWI, BUI, ISI, FFMC, DMC, DC 
	Weather@home [1.8°], HadGEM3-A [0.6°] 
	∼0.951.64 
	-



	(MODIS), active fire data offered by the Tropical Rainfall Measuring Mission (TRMM) Visible and Infrared Scanner (VIRS), the full dataset of fires can be acquired, and is regularly automatically updated (Giglio et al., 2016; Randerson et al., 2018). 
	Apart from the directly observed data, reanalysis data also make indispensable contributions to wildfire risk modelling. The second version of Modern-Era Retrospective analysis for Research and Applications (MERRA2; Gelaro et al., 2017), the global atmospheric reanalysis, from ECMWF Re-Analysis (ERA) Interim (ERA-Interim; Dee et al., 2011) and its improved version, ERA5 (Hersbach et al., 2020) and the French reanalysis Système d’Analyse Fournissant des Renseignements Atmosphèriques à la Neige (SAFRAN; Vidal
	Apart from the directly observed data, reanalysis data also make indispensable contributions to wildfire risk modelling. The second version of Modern-Era Retrospective analysis for Research and Applications (MERRA2; Gelaro et al., 2017), the global atmospheric reanalysis, from ECMWF Re-Analysis (ERA) Interim (ERA-Interim; Dee et al., 2011) and its improved version, ERA5 (Hersbach et al., 2020) and the French reanalysis Système d’Analyse Fournissant des Renseignements Atmosphèriques à la Neige (SAFRAN; Vidal
	-

	forcing from ECMWF Re-Analysis (ERA) Interim and ERA5 produced by the European Centre for Medium-range Weather Forecasts have been developed as GEFF-ERAI and GEFFERA5 (Vitolo et al., 2019, 2020). These reanalysis datasets will be part of the essential attempts for this project to quantify worldwide fire danger. 
	-


	Most attribution studies of extreme events also rely to some extent on climate models (National Academies of Sciences, Engineering, and Medicine, 2016). CMIP models with different forcing, natural-only, anthropogenic-only or all-forcing, offer a comprehensive view of the system complexity, and become one of the most popular and sophisticated tools for the cause or the dominant forcing of an extreme event (Stott et al., 2016). Thus, while relying on large ensembles of simulations, with or without anthropogen
	In terms of wildfires, the use of a large ensemble in climate models seems to perform better in circumventing the problems of undersampled internal/natural climate variability (Krikken et al., 2021). All the simulations present increasing temperature trends in typical wildfire events, as shown in Table 2.1. Even though they found clear changes in precipitation under a warmer climate, no robust evidence can link the dry periods during summer with increased fire risk. Further studies will be about continuing 
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	A global view of observed changes in fire weather extremes: uncertainties and attribution to climate change 
	A global view of observed changes in fire weather extremes: uncertainties and attribution to climate change 
	Abstract -In many parts of the world, wildfires have become more frequent and intense in recent decades, raising concerns about the extent to which climate change contributes to the nature of extreme fire weather occurrences. However, studies seeking to attribute fire weather extremes to climate change are hitherto relatively rare and show large disparities depending on the employed methodology. Here, an empirical-statistical method is implemented as part of a global probabilistic framework to attribute rec
	This chapter appears as the following published paper in Climatic Change: Liu, Z., Eden, J. M., Dieppois, B., & Blackett, M. (2022). A global view of observed changes in fire 
	weather extremes: uncertainties and attribution to climate change. Climatic Change 173, 14. . 
	https://doi.org/10.1007/s10584-022-03409-9

	3.1 Introduction 
	3.1 Introduction 
	Understanding the climatological drivers of wildfires has become an increasingly important area of research with relevance for many parts of the world. In addition to the threats posed to human lives, wildfires are associated with several socioeconomic and environmental impacts (Gill et al., 2013; Tedim et al., 2018; Wang et al., 2021). The recent World Meteorological Organization (WMO) Atlas of Mortality and Economic Losses from Weather, Climate and Water Extremes outlined the significant contribution of w
	Analysis of wildfires as extreme events tends to be approached similarly to the analysis of extreme heat and cold, drought, extreme rainfall or other meteorological phenomena. The World Meteorological Organization Atlas, for instance, defines wildfire as "climatological”, alongside drought and glacial lake outburst, in its classification of disaster subgroups (World Meteorological Organization, 2021). Strictly speaking, wildfires are not meteorological events – there are other factors at play in their devel
	3.1 Introduction 
	role in dictating fire spread (Jain et al., 2022), and rainfall has an equally important effect on fire suppression. Climate-related wildfire studies have generally focused on one of three aspects (Hardy, 2005): (i) fire activity itself, which is usually quantified by the number of fires or the extent and intensity of burned area (Campos-Ruiz et al., 2018); (ii) fire risk, which is usually understood to be the climate-related probability of ignition, a function of both hazard and vulnerability (Seneviratne 
	During the last decade, a growing emphasis has been placed on drawing attention to and understanding changes in the nature of extreme weather and climate events (e.g., Otto et al., 2016; National Academies of Sciences, Engineering, and Medicine, 2016; Philip et al., 2020). There is now a wealth of literature dedicated to the attribution of individual extreme events to climate change, the majority of which have focused on extreme temperature (e.g., Kim et al., 2016) and precipitation events (e.g., Kunkel et 
	Event attribution studies allow us to assess and quantify how the nature of individual climate risks has been altered by climate change (e.g., Trenberth et al., 2015; Otto et al., 2016; Knutson et al., 2017). By quantifying the relative contribution of one or more drivers of the observed changes, the classical event attribution approach seeks to determine to what extent the frequency and/or magnitude of extreme events has changed as a result of anthropogenic climate change or, otherwise, long-term changes i
	Event attribution studies allow us to assess and quantify how the nature of individual climate risks has been altered by climate change (e.g., Trenberth et al., 2015; Otto et al., 2016; Knutson et al., 2017). By quantifying the relative contribution of one or more drivers of the observed changes, the classical event attribution approach seeks to determine to what extent the frequency and/or magnitude of extreme events has changed as a result of anthropogenic climate change or, otherwise, long-term changes i
	-

	events (Yoon et al., 2015; Partain et al., 2016; Tett et al., 2018; Hope et al.; 2019; Brown et al., 2020; Lewis et al., 2020; Yu et al., 2021; Du et al., 2021). A comprehensive report published by the National Academies of Sciences, Engineering, and Medicine (2016), outlined four components that complicate attribution questions for wildfires (Abatzoglou and Kolden, 2011; Lin et al., 2014; Gauthier et al., 2015): (i) the motivating role of human activities in fire ignitions and suppression, management of fo

	Aside from the lack of application to wildfire studies, event attribution faces several broader challenges. Arguably the most important is reaching a consensus on the way that different types of extreme events should be defined, given that the differences can result in disparate conclusions (Philip et al., 2020). Such definitions should include the goal of the event attribution, the choice of variables, the spatial and temporal extent of the event in question, the specific motivations according to the event
	Here, we assess worldwide observed trends in annual maxima in a range of fire weather indicators and quantify to what extent recent climate change has altered the nature of fire weather extremes. We use an established empirical-statistical methodology as part of a global framework designed to enable the simultaneous attribution of multiple extreme fire weather episodes. Key to this framework is the use of a standardised spatiotemporal event definition, and the quantification of uncertainties associated with
	3.2 Methods and Data 
	area; (ii) empirical attribution of worldwide changes in the likelihood of extreme fire danger indices; and (iii) empirical attribution of a collective of recent “exceptional” fire weather events. In section 3.4, we present our conclusions and recommendations for the framework’s application to climate model ensembles as part of comprehensive attribution methodologies. 
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	3.2.1 Probabilistic vs. Storyline approaches to event attribution 
	3.2.1 Probabilistic vs. Storyline approaches to event attribution 
	The way an attribution question is framed is an important consideration that can substantially influence a study’s overall results (Philip et al., 2020). Recently, the event attribution literature has settled on a distinction between two overarching approaches. The ‘probabilistic’ approach, is used to estimate the probability of a class of events for a given magnitude occurring in the past and present climate, regardless of their meteorological cause (Allen, 2003; Stott et al., 2004). An alternative is the 
	Probabilistic application to attribution study typically involves the use of empirical-statistical methods applied to observations and climate model outputs. Examples include the rainfall-related extremes in America (Eden et al., 2016; van Oldenborgh et al., 2017) and Netherlands (Eden et al., 2018), heat-related extremes in America (Mera et al., 2015), and Australia (Hope et al., 2016), and fire-related extremes in Canada (Kirchmeier-Young et al., 2019b), Sweden (Krikken et al., 2021) and Australia (van Ol

	3.2.2 Sensitivity to the representation of fire weather 
	3.2.2 Sensitivity to the representation of fire weather 
	The index chosen to represent fire weather is often circumstance, and location, dependent. There remains considerable uncertainty surrounding the potential sensitivity of trends and attribution metrics to the definition of fire weather. As discussed in the introduction, quantifying the relationship between fire and climate is not trivial. The development of specific indices for ‘fire weather’, particularly the widely used approach of the Canadian Fire Weather Index System (CFWIS) (Van Wagner, 1987), has set
	-
	-
	-

	Although initially developed for application in Canada, FWI has been used to describe fire-climate relationships in other parts of the world, such as France, Italy and Portugal (Viegas et al., 1999), New Zealand (Dudfield, 2004), southeast Australia (de Groot et al., 2006), southeast Asia (de Groot et al., 2007) and Greece (Dimitrakopoulos et al., 2011). These studies assume that FWI is an appropriate metric for fire weather, but a systematic worldwide comparison of multiple indices is lacking in the litera
	3.2 Methods and Data 
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	DC, FFMC, FWI, BUI and the Daily Severity Rating (an additional component of CFWIS; Van Wagner, 1987) to present individual fire danger risks separately (Spracklen et al., 2009). Similarly, the derived monthly DC has been employed in northern Europe, northern Asia and Canada (de Groot et al., 2007), while the daily BUI has been utilised in Alaska (Bhatt et al., 2021). Furthermore, Jain et al. (2022) used ISI alongside FWI and vapour pressure deficit as the basis to assess global trends in extreme fire weath
	We make an initial assessment of the sensitivity of fire weather analysis to the choice of CFWIS index, firstly by comparing trends in annual mean fire weather and secondly by comparing interannual fire weather variability with area burned (section 3.3.1). Historical fire weather data is derived from the Global Fire Danger Reanalysis (0.25° resolution; Vitolo et al., 2019), produced by the Copernicus Emergency Management Service for the European Forest Fire Information System, for the period 1980-2018. Whil
	Our analysis used the following CFWIS indices: DMC, DC, ISI, BUI and FWI. FFMC is omitted as the constrained upper limit of its range (maximum value: 101), which is frequently reached in many parts of the subtropics, makes this index unsuitable for extreme value analysis. DC has a probable maximum value of around 800 but even the most extreme drought conditions do not reach this upper limit (de Groot, 1987; National Wildfire Coordinating Group, 2022). To limit the analysis to parts of the world that are pro


	3.2.3 Event Definition 
	3.2.3 Event Definition 
	The next step is to define the extreme fire weather event quantitatively. The event definition is crucial within the event attribution process; overall results can be dramatically influenced by the definition itself (van Oldenborgh et al., 2021b). As stated earlier, we take a class-based approach to estimate the likelihoods of the occurrence of a given event in the real world and present climate. The event class would typically be defined in spatiotemporal terms according to the meteorological anatomy of th

	3.2.4 Attributing changes in event likelihood 
	3.2.4 Attributing changes in event likelihood 
	The generalized extreme value (GEV) distribution (Coles, 2001) fitted to block maxima has been widely applied to estimate the return period of extreme events (van Oldenborgh et al., 2015; Eden et al., 2016, 2018; Krikken et al., 2021; van Oldenborgh et al., 2021a): 
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	where location, scale and shape parameters of the distribution are µ, σ, and ξ , respectively. Here, we fit the annual maxima of 5-day running means for each CFWIS index to a GEV distribution across all fire-prone parts of the world to quantify the change in likelihood and magnitude in fire weather extremes. While it may be more appropriate for regional analysis to consider maxima during a period representative of the regional fire season, we choose to focus on the calendar year (January-December) in line w
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	designed for global applicability. To account for possible changes due to climate change over time, we assume the GEV fit is scaled linearly to annual global mean surface temperature (GMST), taken from the Goddard Institute for Space Studies Surface Temperature Analysis (GISTEMP Team, 2022) and smoothed with a 48-month running mean, as a representation of global warming. This is the shortest that not only effectively diminishes the ENSO component of GMST (van Oldenborgh et al., 2021a), which is not external
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	where µand σare the fit parameters of the distribution and α is the trend in fire indicator maxima as a function of smoothed GMST anomaly T. To estimate the uncertainty, a 1000sample non-parametric bootstrapping method with a moving-block approach is applied (Efron and Tibshirani, 1998; van der Wiel et al., 2017). At each grid point, we evaluate return time, and hence the probability, of an extreme fire weather event defined by the 95percentile occurring in the climate of 2018 (p1) and that is occurring in 
	where µand σare the fit parameters of the distribution and α is the trend in fire indicator maxima as a function of smoothed GMST anomaly T. To estimate the uncertainty, a 1000sample non-parametric bootstrapping method with a moving-block approach is applied (Efron and Tibshirani, 1998; van der Wiel et al., 2017). At each grid point, we evaluate return time, and hence the probability, of an extreme fire weather event defined by the 95percentile occurring in the climate of 2018 (p1) and that is occurring in 
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	(also known as the ‘risk ratio’). We also quantify the percentage change of a recent fire weather event and an event of equivalent likelihood occurring in a past climate (%MAG). This empirical-statistical method is applied to attribute extreme fire weather worldwide (section 

	3.3.2) and, more specifically, to collectively attribute a set of exceptional fire weather events observed during recent years (section 3.3.3; IPCC, 2021). 



	3.3 Results 
	3.3 Results 
	3.3.1 Recent trends in seasonal mean fire weather and links to fire activity 
	3.3.1 Recent trends in seasonal mean fire weather and links to fire activity 
	To identify the potential differences between the CFWIS indices, we first seek to quantify recent trends in fire weather and its relationship with fire activity. It is important for a global analysis to consider regional variability in the timing of the period of greatest fire risk. As stated in section 3.2.2, the Global Fire Danger Reanalysis encourages a user-driven definition of the start and duration of the fire season (Vitolo et al., 2019). Here, given our emphasis on extreme fire weather, and specific
	The tendency and significance (95% confidence level) of trends in CFWIS seasonal means from 1980 to 2018 are shown in Figure 3.1a. Spatial patterns in regions of significant positive and negative change exhibit differences between indices. For all five indices, most of the globe is associated with an increase in mean fire weather. For all indices, a significant positive trend is found at more than 25% of fire-prone grid points, and at more than 30% of grid points for ISI and FWI, including large parts of th
	Point-wise Pearson’s product-moment correlation between seasonal means in each CFWIS index and corresponding GFED4 burned area (for which data is available between 1996 and 2016) is shown in Figure 3.1b. Positive correlation between seasonal CFWIS and burned area is found across North and South America, eastern Europe, equatorial Africa, 
	3.3 Results 
	3.3 Results 
	southeast Asia and southern Australia. Significant positive correlations (p<0.05; r>0) are found at between 19.8% (for DC) and 26% (for FWI) of all grid points. Interestingly, areas of relatively strong positive correlation (r>0.4) between FWI and burned area are somewhat limited across northern and western Europe, where FWI has been frequently used as an indicator for fire risk (Viegas et al., 1999; Tanskanen and Venäläinen, 2008; Krikken et al., 2021). Negative correlations tend to be detected over dry an


	3.3.2 Empirical Attribution of extreme fire weather 
	3.3.2 Empirical Attribution of extreme fire weather 
	As previously mentioned, an empirical-statistical method is utilized to attribute the changes in likelihoods of extreme fire weather, namely the annual maximum of 5-day running mean to each CFWIS index. Here, the GEV-scaling method is applied to the annual maxima in each CFWIS index. Global maps showing the goodness of the GEV fit by using Kolmogorov Smirnov test, probability ratio (PR) and change in magnitude (%MAG) at each grid point are presented in Figure 3.2. The assumption that the distribution of ann
	Overall, there are several similarities in spatial patterns of both PR and %MAG across the five CFWIS indices (Figure 3.2). A 4-fold increase in likelihood (PR>4) in response to globally warming temperature is found in approximately 40% of the world’s fire-prone grid points. This corresponds to an increase in the magnitude of around 20%, ranging from 15.5% in DC to 25.5% in DMC. Regions with increasing likelihoods in %MAG are mainly similar to that in PR. Such increases in the likelihood of extreme fire dan
	Figure
	Figure 3.1: (a) Trends in five CFWIS indices from the Global Fire Danger Reanalysis (Vitolo et al., 2019) during the regionally-varying fire risk season for the period 1980-2018. Fire-prone regions where a positive trend is detected are shown in red; regions of negative trends are shown in blue. Values in the bottom-left corner of each panel show the percentage of grid points that represent a significant increase (red) and decrease (blue), respectively. (b) Correlation between the seasonal means of each CFW
	3.3 Results 
	3.3 Results 
	Northern Hemisphere South America, Western West Africa, Southern and Eastern Africa, as suggested by a decrease in the likelihood in response to globally warming temperature (PR<1). The proportion of regions showing a significant decrease in likelihoods is relatively lower by employing the %MAG metric than the PR. 
	Across the CFWIS indices, spatial patterns are generally similar, but certain regions show contrasting results. For instance, by choosing either BUI or FWI as the reference index for western Australia, we may find either a positive trend or no significant change in likelihoods (Figure 3.2). Similarly, in eastern Africa, increases in likelihood (PR>1) of ISI and FWI extremes are found, while for DC and BUI extremes decreases are found (PR<1) in DC and BUI extremes are found. Moreover, the largest discrepanci
	To summarise the results of our empirical-statistical attribution analysis on the regional scale, PR results are amalgamated across the 14 GFED Basis Regions (identified according to annual emission estimates; van der Wiel et al., 2017). Figure 3.3 shows the proportion of grid points that exhibit significant increases and decreases in likelihood in the five CFWIS indices in each of the 14 fire regions. Notably, for four of the fire regions (TENA, SHSA, NHAF and CEAS; see Figure 3.3 for definitions of the re
	Figure
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	Figure
	Figure 3.2: Goodness of GEV fit by using Kolmogorov Smirnov test (left), global view of probability ratio (PR; centre) and percentage change (%MAG; right), concerning the target event at each grid point for five CFWIS indices. Numbers in the bottom-left corner represent: (left) the percentage of significant results with a 95% confidence level (%sig(CV)), for which is lower than the critical value (here is 0.043; the calculation is based on the formula of K-S 
	Figure 3.2: Goodness of GEV fit by using Kolmogorov Smirnov test (left), global view of probability ratio (PR; centre) and percentage change (%MAG; right), concerning the target event at each grid point for five CFWIS indices. Numbers in the bottom-left corner represent: (left) the percentage of significant results with a 95% confidence level (%sig(CV)), for which is lower than the critical value (here is 0.043; the calculation is based on the formula of K-S 
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	test of critical value = 1.36/ , when α=0.05 and N=39*5*5); (centre and right) globally averaged PR and %MAG, and the percentage of the grid points (%sig) for which PR and %MAG results are significant. The white areas for globally averaged PR (for instance, in Amazon) represent the regions where the extreme fire weather conditions are unlikely to occur in the past climate. 
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	they are relatively small in other regions of wildfire prominence, such as North and Central America and much of Asia. 


	3.3.3 Attribution of recent exceptional fire weather events 
	3.3.3 Attribution of recent exceptional fire weather events 
	As highlighted in section 3.3.1, the last decade has witnessed a sharp increase in efforts to attribute individual events. Studies related to wildfire or, alternatively, extreme fire weather are relatively rare. Here, we extend the application of our approach to a set of recent extreme fire weather episodes in the observational record that would have been considered as ‘exceptional’ and, in principle, would have been an appropriate focus of an event attribution study. We demonstrate that classifying extreme
	Our analysis defines events as ‘exceptional’ where the index value of an annual maximum, occurring between 2014 and 2018, exceeds the previous maxima (recorded since 1980) by more than 20%. The geographical distribution, comparative magnitude and PR tendency (at the 95% confidence level) of those exceptional events are shown in Figure 3.4. Exceptional fire weather events occurred prevalently in multiple locations around the world between 2014 and 2018. Four of the five CFWIS indices show that more than 50% 
	The fact that different indices present disparate distributions of exceptional events highlights the sensitivity of a fire weather event study to the index used to define the event in question. There are several instances in which such sensitivity is strongly evident. In Alaska, 
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	Figure
	several ISI and FWI events are observed that exceed the magnitude of the previous maxima by more than 50% and are associated with a significant increase in likelihood. However, exceptional events in other indices are either not evident or, in the case of DMC extremes, associated with a significant decrease in likelihood. In South America, there is a large number of exceptional DMC and BUI events spanning the entire continent, but relatively few exceptional DC, FWI and ISI events are found outside of the nor
	The use of a consistent spatiotemporal event definition presents the possibility to attribute multiple events collectively, which we do by averaging the PR of all exceptional fire weather events across the 14 GFED fire regions. 
	Figure 3.5 summarises the PR averaged across each region for each CFWIS index. Exceptional fire weather events recorded in six regions (BOAS, TENA, CEAS, SHAF, NHAF and AUST) exhibit the largest collective increase in likelihood (average PR>8) irrespective of the index used to define them. For TENA and NHAF specifically, the increase in likelihood is exhibited for more than 95% of events used to construct the averages. By contrast, there are examples where the average PR differs substantially between indice


	3.4 Discussion and conclusions 
	3.4 Discussion and conclusions 
	This study has identified trends in fire weather extremes and quantified to what extent climate change has altered their likelihood and magnitude. Following a probabilistic approach, an established empirical-statistical method was used to construct a globally applicable framework to attribute worldwide extreme fire weather events. The results provide clarification 
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	Figure
	on uncertainties and sensitivities associated with the choice of an index for fire weather representation, particularly in the context of extreme event attribution. 
	The first part of the analysis of fire weather trends and correlation analysis presents preliminary knowledge about the performance of fire weather indicators in the form of the CFWIS indices across the world’s fire-prone regions. A positive trend was found in the seasonal mean of each index in most fire-prone regions of the world, and broadly in line with the present understanding of global fire weather and its relationship with climate change (Jain et al., 2022). Reflecting on correlation with the occurre
	The probability of extreme climate-related wildfire risk has increased substantially as a response to globally warming temperatures in large parts of the world. This is, however, not the case in some regions, such as southeast Asia. While our results are based on a relatively short record (39 years from 1980 to 2018), it is possible to conclude that the greater maximum daily temperature may not be the major driver of fires in these areas, which means other factors (i.e., precipitation, humidity and surface 
	It is evident that, while the CFWIS indices used here form part of a common wildfire information system, different indices can lead to disparate results with respect to changes in the nature of fire weather extremes in various regions of the world. Therefore, as highlighted in recent work (Philip et al., 2020; van Oldenborgh et al., 2021b), it is crucial to explore the availability and merits of indices or metrics that may be used to represent fire weather, and to fully justify their application in the cont
	3.4 Discussion and conclusions 
	communicate the sensitivity of the results to the chosen index or metric; (ii) better understand the effect of climate change on different combinations of the meteorological components of fire weather (temperature, precipitation, wind speed and atmospheric moisture content). 
	Empirical attribution analysis provides important preliminary knowledge of changing extreme fire weather based on observations, but robust attribution of extreme events requires the complementary application of similar methods to the outputs of climate model ensembles (van der Werf et al., 2017). We anticipate that the results presented here will serve as a benchmark against which results from climate models can be compared, and ultimately serve to improve the accuracy of attribution findings generated from
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	Multi-model attribution of extremes in fire weather intensity and duration to externally forced changes in global temperature anomalies 
	Multi-model attribution of extremes in fire weather intensity and duration to externally forced changes in global temperature anomalies 
	Abstract -In response to the occurrence of a number of large wildfire events across the world in recent years, the question of the extent to which climate change may be altering the meteorological conditions conducive to wildfires has become a hot topic of debate. Despite the development of attribution methodologies for extreme events in the last decade, attribution studies dedicated explicitly to wildfire, or otherwise extreme ‘fire weather’, are still relatively few. In turn, there is a lack of consensus 
	Here, for the first time, a global probabilistic attribution of fire weather extremes is conducted using an established statistical methodology applied to six large (>10 member) climate model ensembles from CMIP6. Trends in extremes in the Canadian Fire Weather Index (FWI) are quantified using extreme value distributions, fitted with annual maxima in both FWI intensity and duration, and scaled to global mean surface temperature. An initial evaluation of model performance shows that, while all models are abl
	Here, for the first time, a global probabilistic attribution of fire weather extremes is conducted using an established statistical methodology applied to six large (>10 member) climate model ensembles from CMIP6. Trends in extremes in the Canadian Fire Weather Index (FWI) are quantified using extreme value distributions, fitted with annual maxima in both FWI intensity and duration, and scaled to global mean surface temperature. An initial evaluation of model performance shows that, while all models are abl
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	influence of rising global temperatures on the changing frequency of FWI extremes. The findings highlight the sensitivity of probabilistic fire weather attribution to the choice of climate model ensemble, and the value added by a model evaluation and selection step in maximising the robustness of attribution analysis. In conclusion, a set of recommendations is made for future efforts to attribute episodes of extreme fire weather. 

	This chapter appears as the following submitted manuscript to Weather and Climate Extremes: Liu, Z., Eden, J. M., Dieppois, B., Drobyshev, I., Krikken, F., & Blackett, 
	M. (2022). Multi-model attribution of extremes in fire weather intensity and duration to externally forced changes in global temperature anomalies. Weather and Climate Extremes, (In review). 
	4.1 Introduction 
	4.1 Introduction 
	The frequency and severity of large wildfire events has increased globally in recent years (World Meteorological Organization, 2021). Particularly destructive fires have fostered debate on how the role of climate change may have altered the weather conditions favourable to wildfires (Boer et al., 2020; Bowman et al., 2020; Ellis et al., 2022). Efforts to quantify the role of climate change in altering the frequency and magnitude of weather and climate phenomena, broadly termed climate change attribution, ha
	The scarcity of wildfire attribution studies is surprising given that the link between wildfires and climate is well-established and widely used in operational fire management, e.g., through the reliance of forest management agencies on the Canadian Fire Weather Index System (CFWIS; Van Wagner, 1987) and the United States National Fire Danger Rating System (NFDRS; Deeming et al., 1978). The Atlas of Mortality and Economic Losses from Weather, Climate and Water Extremes (1970-2019) (World Meteorological Orga
	4.1 Introduction 
	than other extremes, the confidence and reliability of the corresponding attribution studies of wildfires are also lower (National Academies of Sciences, Engineering, and Medicine, 2016). The limited understanding of wildfire attribution is often associated with uncertainty, including the sensitivity of attribution results to many factors, such as the choice of fire weather indicators (Liu et al., 2022a), event definitions and the climate models used in the analysis (Philip et al., 2020). 
	Although research on the attribution of extreme wildfires, particularly on a global scale, remains scarce, there are several global studies that are already working on fire weather, the term given to the meteorological conditions conducive to such events. For instance, according to Abatzoglou et al. (2019), 22% of the world’s burnable land area is experiencing anthropogenic increases in extreme fire weather indices by 2019, including much of the Mediterranean and Amazon. Jain et al. (2022) found trends in e
	While individual studies are an important supplement to global analysis, the extent to which their results can be integrated is limited by a lack of homogeneity in spatiotemporal definition of the event, and the choice of methodology. In turn, this limits our ability to understand the extent to which such increasing risks of fire-prone weather conditions are affecting different environments and climatic zones in response to climate change. Liu et al. (2022a) provided clarity on the sensitivity of the findin
	The role of climate models is indeed vital to provide robust attribution of changes in extreme fire weather. In the context of their utilisation in attribution, model ensembles can be split into two categories (Philip et al., 2020): (a) ‘fixed forcing’ runs, which usually consist 
	The role of climate models is indeed vital to provide robust attribution of changes in extreme fire weather. In the context of their utilisation in attribution, model ensembles can be split into two categories (Philip et al., 2020): (a) ‘fixed forcing’ runs, which usually consist 
	of a pair of simulations representative of current conditions and a counterfactual reality without anthropogenic emissions, and (b) ‘transient’ runs, such as those that contribute to the sixth phase of Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016). Despite the widespread use of climate model ensembles in attribution analysis, many studies are based on a small number of models (Kirchmeier-Young et al., 2017b, 2019b; Liu et al., 2022b), or otherwise do not conduct a specific model evaluat

	The fast-paced development of attribution science during the last decade has been driven by the increased capacity for climate models to simulate large ensembles. Large climate ensemble models provide: (a) an opportunity to study multiple realisations and thus longer time series than what is possible with observations alone, which means that the detection and quantification of extreme thresholds and distributions should be more robust, (b) a homogeneous representation of climate, independent of the spatial 
	With a growing number of attribution studies dedicated to wildfire, or extreme fire weather, across the globe, there is a clear need to identify and understand all sources of sensitivities and uncertainties. Here, using established statistical methodologies applied to six large ensembles from the sixth phase of the Coupled Model Intercomparison Project (CMIP6), we conduct probabilistic attribution of fire weather extremes across the world’s fire-prone regions. We assess trends in both the intensity and dura
	4.2 Methods and Data 
	fitted with annual maxima and scaled to externally forced global mean surface temperature (GMST). In terms of the analysis of extremes in FWI intensity, the current analysis builds on the empirical-statistical approach presented by Liu et al. (2022a). For the first time, we apply this approach to the output of multiple large-ensembles from CMIP6 models. The extension of the same approach to quantify trends in the duration of extreme FWI events also constitutes a novel application. 
	The remainder of this paper is structured as follows. In section 4.2, details of the CMIP6 data and methodology are presented, including the selection of a definition for global fire weather extremes. In section 4.3, results of the changing likelihoods in extreme fire weather and a multi-model synthesis are presented. In section 4.4, we conclude and make a set of recommendations for future attribution of extreme fire weather episodes. 

	4.2 Methods and Data 
	4.2 Methods and Data 
	4.2.1 Defining fire weather extremes 
	4.2.1 Defining fire weather extremes 
	Choosing an appropriate set of spatiotemporal parameters by which to define weather or climate extremes is a crucial step in an attribution study since the findings and interpretation of the results both rely upon this definition. To this end, we use the potential impact of extremes as the pivotal element of their definition (Philip et al., 2020; Krikken et al., 2021; van Oldenborgh et al., 2021b). Specifically, fire weather extremes are defined in two ways: (i) Extremes in fire weather intensity are define
	th 


	4.2.2 Data 
	4.2.2 Data 
	Simulations of the historical FWI data were derived from six CMIP6 models, all of which have an ensemble size of at least 10 members, for the period 1850-2014. Details of all six models are given in Table 4.1. 
	Table 4.1: Details of the six CMIP6 models used in the analysis. 
	Model 
	Model 
	Model 
	Institution 
	Ens 
	Resolution (lon × lat) 
	Reference 

	the Canadian Earth System Model version 5 (CanESM5) 
	the Canadian Earth System Model version 5 (CanESM5) 
	-

	Canadian Centre for Climate Modelling and Analysis (CCCma) 
	50 
	128×64 (∼2.8× 2.8°) 
	(Swart et al., 2019) 

	the Atmosphere-Ocean General Circulation Model (CNRM-CM6-1) 
	the Atmosphere-Ocean General Circulation Model (CNRM-CM6-1) 
	Centre National de Recherches Météorologiques (CNRM) 
	30 
	256×128 (∼1.4× 1.4°) 
	(Voldoire et al., 2019) 

	the Earth system (ES) model of the second generation (CNRM-ESM2-1) 
	the Earth system (ES) model of the second generation (CNRM-ESM2-1) 
	-

	Centre National de Recherches Météorologiques (CNRM) 
	10 
	256×128 (∼1.4× 1.4°) 
	(Séférian et al., 2019) 

	the fifth generation of the INMCM climate model (INM-CM-5-0) 
	the fifth generation of the INMCM climate model (INM-CM-5-0) 
	Institute for Numerical Mathematics (INM) of the Russian Academy of Sciences 
	10 
	180×120 (2.0× 1.5°) 
	(Volodin and Grit-sun, 2018) 

	the latest version of the IPSL climate model (IPSL-CM6A-LR) 
	the latest version of the IPSL climate model (IPSL-CM6A-LR) 
	Institut Pierre-Simon Laplace Climate Modelling Centre (IPSL CMC) 
	-

	32 
	144×143 (∼2.5× 1.3°) 
	(Boucher et al., 2020) 

	the Earth System Model version 1.2 (MPI-ESM12-HR) 
	the Earth System Model version 1.2 (MPI-ESM12-HR) 
	-

	Max Planck Institute for Meteorology (MPIM) 
	-

	10 
	384×192 (∼0.9× 0.9°) 
	(Müller et al., 2018) 


	Data from the Global ECMWF Fire Forecast model (hereafter GEFF-ERA5) (Vitolo et al., 2020) is used as an observational reference for the period 1979-2020. GEFF-ERA5 is produced by the European Forest Fire Information System of the Copernicus Emergency Management Service and provides daily FWI data driven by input fields from the ERA5 Reanalysis (ERA5; Hersbach et al., 2020). GEFF-ERA5 is taken as a realistic representation of real-world day-to-day conditions and a reference against which model outputs are c
	-

	Monthly burned area data from the Global Fire Emissions Database Version 4 (GFED4; Global Fire Emissions Database, 2022) were used to isolate ‘fire-prone’ regions of the world (i.e., where evidence of past fires has been recorded). A 9-point smoothing with a quadrilateral curvilinear grid of GFED4 data on all fields is employed in order to account for the spatial randomness of fire occurrence during the relatively short time period for which GFED4 data is available (1996-2016; van der Werf et al., 2017). 
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	4.2.3 Methodology 
	4.2.3 Methodology 
	A probabilistic framework based on extreme value theory is used to estimate changes in the probability of extreme fire weather. Annual maxima of both intensity (FWIx7day) and duration (FWIxCD90) across all 165 years and all ensemble members are pooled and fitted to the GEV distribution. To investigate the dependence of the fit on global warming, the distribution is scaled with the corresponding 48-month running average in global mean surface temperature (GMST) from the ensemble means. In contrast to taking 
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	where µand σare the fit parameters of the stationary GEV distribution; α, as a function of smoothed GMST anomaly T, represents the trend in fire indicator maxima. The three parameters µ, σ and δ indicate the mean, the variability in the tail and the bound of the tail of the distribution, separately. At each grid point, probabilities p0 and p1 of a given fire weather extreme occurring in periods of low and high anthropogenic forcing (1880-1884 and 2010-2014 respectively) are estimated. Therefore, changes in 
	0 
	0 

	The scaled GEV approach is well-established and has been previously applied to extremes in heat (e.g., van Oldenborgh et al., 2018; Otto et al., 2018b; Eden et al., 2018) and precipitation (e.g., van der Wiel et al., 2017), in addition to extremes in fire weather intensity (Krikken et al., 2021). Here, for the first time, the approach is applied to the analysis of 
	The scaled GEV approach is well-established and has been previously applied to extremes in heat (e.g., van Oldenborgh et al., 2018; Otto et al., 2018b; Eden et al., 2018) and precipitation (e.g., van der Wiel et al., 2017), in addition to extremes in fire weather intensity (Krikken et al., 2021). Here, for the first time, the approach is applied to the analysis of 
	-

	extremes defined by duration as well as by intensity on a global scale. The implementation of the approach here also marks its first global application to fire weather extremes from multiple large ensembles of the six CMIP6 models. 


	4.2.4 Model evaluation 
	4.2.4 Model evaluation 
	According to Philip et al. (2020), the ability of climate models to represent a particular type of extreme event is critical for attribution studies and can influence the accuracy and uncertainty of attribution results. Here, we evaluate the capacity of each of the six CMIP6 models to represent realistic distributions of fire weather extremes. The basis of this evaluation is the comparison of a stationary GEV distribution (i.e., not scaled by GMST) fitted with model-simulated annual maxima and a GEV distrib


	4.3 Results 
	4.3 Results 
	In this section, results focus on model evaluation and attribution analysis of extreme fire weather intensity (section 4.3.1) and fire weather duration (section 4.3.2). This is followed by a multi-model synthesis (section 4.3.3) to complete the full story of the fire weather attribution. All the results are made throughout the world’s fire-prone regions. 
	4.3.1 Extremes in fire weather intensity 
	4.3.1 Extremes in fire weather intensity 
	4.3.1.1 Model performance in simulating the extremes in fire weather intensity 
	4.3.1.1 Model performance in simulating the extremes in fire weather intensity 
	To obtain a preliminary insight into the performance of the six CMIP6 large ensembles, simulated global patterns of both the dispersion ratio () and shape parameter (ξ ) for GEV 
	σ 

	µ 
	distribution fitted with FWIx7day, are compared with the GEFF-ERA5 reanalysis for the period from 1979 to 2014, with corresponding differences all shown in Figure 4.1. 
	4.3 Results 
	Figure
	Figure
	4.3 Results 
	Figure
	Figure
	Figure 4.1: Dispersion ratio () derived from the stationary GEV fitted with FWIx7day for 
	Figure 4.1: Dispersion ratio () derived from the stationary GEV fitted with FWIx7day for 
	σ 



	µ
	the period 1979 to 2014 from the GEFF-ERA5 reanalysis (a) and six CMIP6 ensembles (b-g); corresponding differences between the reanalysis and the six CMIP6 models are shown from (h) to (m). Similarly, shape parameter (ξ ) from the GEFF-ERA5 reanalysis (n) and six CMIP6 ensembles (o-t) with corresponding differences between the reanalysis and the six CMIP6 models from (u-z). Values in the bottom-left corner of each panel from (b-g) and (o-t) show the root mean square error (RMSE) and spatial correlation coef

	4.3 Results 
	4.3 Results 
	With regard to the dispersion parameter, GEFF-ERA5 produces high values in northwestern and northeastern North America, some parts of equatorial South America, equatorial Africa and northern and southern Asia (Figure 4.1a). According to the differences (RMSE) and spatial correlation (r) between the reanalysis and models, CNRM-CM6-1 (Figure 4.1c) and IPSL-CM6A-LR (Figure 4.1f) show reasonable level of agreements (r∼ 0.7) with GEFFERA5 in many fire-prone regions of the world, in spite of the apparent inter-mo
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	Concerning the shape parameter (ξ ) of the GEV fitted with GEFF-ERA5 maxima, the highest values appear in central and eastern North America, northern Europe, and some parts of northern and southern Asia (Figure 4.1n). CanESM5, CNRM-CM6-1 and IPSLCM6A-LR are the most consistent models when compared with the GEFF-ERA5 data, exhibiting relatively small RMSE and a strong spatial correlation when compared with the other ensembles (Figure 4.1o, p & s), while INM-CM5-0 produced the largest RMSE values (0.22) and t
	-

	In summary, the distribution of annual maxima taken from the CMIP6 ensembles is in reasonable agreement with that of GEFF-ERA5 annual maxima, although there are some notable differences at the regional scale. Compared to GEFF-ERA5, CNRM-CM6-1 
	In summary, the distribution of annual maxima taken from the CMIP6 ensembles is in reasonable agreement with that of GEFF-ERA5 annual maxima, although there are some notable differences at the regional scale. Compared to GEFF-ERA5, CNRM-CM6-1 
	and IPSL-CM6A-LR are the best-performing of the six climate models in terms of their representation of the dispersion and shape parameters, while CanESM5 and INM-CM5-0 are the most biased of the six 4.1. 


	4.3.1.2 Attribution of extremes in fire weather intensity 
	4.3.1.2 Attribution of extremes in fire weather intensity 
	Based on the global probabilistic method introduced in section 4.2.3, the changes in the likelihood of extreme fire weather (FWIx7day) due to climate change are quantified using the GEV-scaling method for each climate model. For each grid box, the 95percentile of the annual maxima in modelled extreme fire weather from 1850 to 2014 was chosen as a threshold defining extremes, from which we estimated the return level of events. Global maps showing the probability ratio (PR) and change in magnitude (%MAG) betw
	th 

	Overall, there are several similarities in spatial patterns of both PR and %MAG across the six CMIP6 models. In response to externally forced global warming, a 2-fold increase in the probability (PR>2) of extreme fire weather is witnessed in many regions across the globe, such as central and southern North America, northern South America, and southern Africa (Figure 4.2a-f). This corresponds to an increase of at least 10% in the magnitude of extreme fire weather (Figure 4.2g-l). Regions with increasing like
	There are some similarities in the spatial patterns across the six CMIP6 models, but many areas show sensitivity to the choice of model. For instance, CanESM5, INM-CM5-0 and, particularly, IPSL-CM6A-LR show a strong decrease in the likelihood (PR<1) of FWIx7day over northern North America (Figure 4.2a, d & e), while other models present a relatively small increase in the likelihood of such conditions (PR>1; Figure 4.2b, c & f). The CNRMCM6-1 and INM-CM5-0 models are the only ones showing a decrease in the l
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	4.3 Results 
	Figure
	Figure
	Figure 4.2: Global maps showing probability ratio (PR; left) and percentage change (%MAG; right) in extremes in FWIx7day for six CMIP6 models. The non-stippled areas indicate where the dispersion ratio and shape parameter of the GEV fitted with model-simulated FWIx7day falls within the 95% confidence interval range for the dispersion ratio of the GEV fitted with GEFF-ERA5 data. Numbers in the bottom-left corner represent the globally averaged PR (left) and %MAG (right), and the percentage of the burnable wo
	4.3 Results 
	(MPI-ESM1-2-HR) shows a decreasing (increasing) PR in almost the entirety of northern and central Asia (Figure 4.2e-f). In Australia, such discrepancies also exist: an increase in likelihood can be found in most areas in CanESM5, CNRM-ESM2-1 and IPSL-CM6A-LR (Figure 4.2a, c & e), while other models show a combination of increased and decreased change in likelihood (Figure 4.2b, d & f). Further section of model synthesis results can be found later in the chapter. 


	4.3.2 Extremes in fire weather duration 
	4.3.2 Extremes in fire weather duration 
	4.3.2.1 Model performance in simulating the extremes in fire weather duration 
	4.3.2.1 Model performance in simulating the extremes in fire weather duration 
	To assess the performance of the six CMIP6 large ensembles in representing the distribution of extremes in fire weather duration, simulated global patterns for individual parameters of a stationary GEV distribution fitted with FWIxCD90 were compared to distribution parameters from GEFF-ERA5 over the period 1979-2014 (Figure 4.3). 
	In terms of their capacity to realistically simulate the distribution of FWIxCD90, CMIP6 models produce GEV parameters that compare reasonably well with the GEFF-ERA5 reanalysis. Looking at the dispersion ratio, , correlation results show values between 0.3 
	σ 

	µ 
	and 0.7 across most of the world (Figure 4.3a-g). All models with the exception of IPSLCM6A-LR reproduce spatial variability relatively well (r>0.5), with regional differences most apparent in northern North America and South America, northern and southern Asia (Figure 4.3a-g). Regions associated with high values of dispersion ratio (as identified in GEFF-ERA5), including central and southern North America, eastern Europe, northwestern Asia and equatorial Asia, are reproduced well by CNRM-CM6-1 (Figure 4.3c
	-
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	For the shape parameter, ξ , GEFF-ERA5 displays a substantial variation worldwide (Figure 4.3n). Corresponding spatial correlations between the observations and the six models show some level of agreement, with the highest correlation results around 0.3 reproduced by CanESM5 (Figure 4.3o) and MPI-ESM1-2-HR (Figure 4.3t). Five of the six models show more than half of the underestimations (%(-)>50%) over all grid cells, are 
	Figure
	4.3 Results 
	Figure
	Figure
	4.3 Results 
	Figure
	Figure 4.3: Dispersion ratio and shape parameter (ξ ) derived from the stationary GEV 
	Figure 4.3: Dispersion ratio and shape parameter (ξ ) derived from the stationary GEV 
	σ 



	µ
	fitted with FWIxCD90 for the period 1979 to 2014 from the GEFF-ERA5 reanalysis (a) and six CMIP6 ensembles (b-g); corresponding differences between the reanalysis and the six CMIP6 models are shown from (h) to (m). Similarly, shape parameter (ξ ) from the GEFF-ERA5 reanalysis (n) and six CMIP6 ensembles (o-t) with corresponding differences between the reanalysis and the six CMIP6 models from (u-z). Values in the bottom-left corner of each panel from (b-g) and (o-t) show the root mean square error (RMSE) and
	mainly scattered around southern South Africa, North and Central Asia (Figure 4.3u-z). The only exception is MPI-ESM1-2-HR (Figure 4.3z), with strong overestimation in eastern South Africa and northeast Asia. 
	Again, concerning the dispersion and shape parameters in the distribution, MPI-ESM1-2HR is the best-performing of the six climate models when compared to GEFF-ERA5, while IPSL-CM6A-LR is the most biased of the six. 
	-


	4.3.2.2 Attribution of extremes in fire weather duration 
	4.3.2.2 Attribution of extremes in fire weather duration 
	Figure 4.4(a)-(l) shows a global map of the probability ratio (PR) and change in FWIxCD90 (durDays) at each grid point across the six CMIP6 models. Overall, for the period 2010-2014, the probability of more prolonged extreme fire weather conditions has markedly risen by a factor of two on a global scale compared to the 1880-1884 period (Figure 4.4a-f). This equates to an increase of at least 10 days in the maximum duration of extreme fire weather events in response to externally forced temperature rise (Fig
	The fact that different models produce different distributions of extremes highlights the sensitivity of studies on fire weather extremes to the models used in their analysis. In many regions, this sensitivity is especially evident. For central North America, western and southern Europe, the maximum duration of extreme fire weather simulated by CanESM5, INM-CM5-0, IPSL-CM6A-LR and MPI-ESM1-2-HR shows an upward trend in PR (Figure 4.4a, d, e & f), while a downward trend in PR is found using CNRM-CM6-1 and CN
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	Figure
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	Figure 4.4: Global maps showing probability ratio (PR; left) and the absolute changes (durDays; right) in FWIxCD90 for the six CMIP6 models. The non-stippled areas indicate where the dispersion ratio and shape parameter of the GEV fitted with model-simulated FWIx7day falls within the 95% confidence interval range for the dispersion ratio of the GEV fitted with GEFF-ERA5 data. Numbers in the bottom-left corner represent the globally averaged PR (left) and durDays (right), and the percentage of the burnable w
	4.3 Results 
	4.4a, b, c & e). Meanwhile, some models, such as INM-CM5-0 or MPI-ESM1-2-HR (Figure 4.4d, f), suggest a decreasing probability of prolonged extreme fire weather conditions in the southern or northern regions of Australia. 


	4.3.3 Attribution synthesis across multiple models 
	4.3.3 Attribution synthesis across multiple models 
	Combining results from different models often relies on simple multi-model averaging, without thorough consideration of the extent of inter-model spread or individual model performance. In this subsection, we firstly assess consensus among the six model ensembles, and secondly, explore the value of a model evaluation and selection step in synthesising multi-model attribution results. 
	Figure 4.5 summarises to what extent the six CMIP6 models agree on the tendency of the change in likelihood in extremes of fire weather intensity (Figure 4.5a) and duration (Figure 4.5b). The result suggests that, as a result of the externally forced warming temperature, 54.3% of the grid cells show an increased likelihood of both extreme fire weather intensity and duration when the number of model agreements is larger than three. All models simulate an increased likelihood of prolonged and high-intensity e
	As discussed by Liu et al. (2022a), the use of a common method and event definition allows for the attribution of changes at various locations and from multiple data sources to be combined. However, combining attribution statistics from different climate models may prove troublesome if there are clear differences in model performance. Figure 4.5 clearly demonstrates a regional dependence in model agreement. It is important to understand the extent to which such discrepancies are due to model performance for
	As discussed by Liu et al. (2022a), the use of a common method and event definition allows for the attribution of changes at various locations and from multiple data sources to be combined. However, combining attribution statistics from different climate models may prove troublesome if there are clear differences in model performance. Figure 4.5 clearly demonstrates a regional dependence in model agreement. It is important to understand the extent to which such discrepancies are due to model performance for
	those that would be produced by combining the results of all models irrespective of their performance. 

	Figure
	Figure 4.5: Maps showing the number of climate models that present an increased likelihood of extremes in (a) fire weather intensity and (b) fire weather duration across the six CMIP6 models. Results are presented on the resolution of MPI-ESM1-2-HR. Areas approaching red (blue) indicate that an increasing number of models show a positive (negative) change. 
	Figure 4.5: Maps showing the number of climate models that present an increased likelihood of extremes in (a) fire weather intensity and (b) fire weather duration across the six CMIP6 models. Results are presented on the resolution of MPI-ESM1-2-HR. Areas approaching red (blue) indicate that an increasing number of models show a positive (negative) change. 


	Figure 4.6 illustrates multi-model global probability ratio maps constructed, firstly, from a conventional averaging of the probability ratios simulated by all six CMIP6 models (Figure 4.6a-b) and, secondly, selective averaging only those models that pass an evaluation and selection step (Figure 4.6c-d) a model evaluation and selection step. The evaluation criterion is defined by a GEV dispersion ratio that falls within the range of the 95% confidence intervals for the dispersion ratio of the GEV fitted by 
	The global PR map in Figure 4.6a-b, based on the first, conventional synthesis, shows relatively small changes in the probability of extremes in both FWIx7day and FWIxCD90. Only a few regions such as northern South America, southern Africa and southern Asia, show an approximately two-fold increase in the probability of the fire weather extremes in both intensity and duration of days. There are no particularly strong or prominent trends, especially in the areas with decreasing probabilities, which is only pr
	4.3 Results 
	Figure
	Figure 4.6: (a-d) Composite plots showing the average PR for trends across (a)-(b) all the six CMIP6 models in FWIx7day (a) and FWIxCD90 (b); (c)-(d) CMIP6 models that sufficiently well-reproduce the dispersion of the distribution and the parameter of the shape of extremes in FWIx7day (c) and FWIxCD90 (d). Additional white areas indicate the regions where no climate model met the evaluation criteria. Values in the bottom-left corner of each panel from (a-d) show the globally averaged PR and the percentage o
	apparent rise in PR of approximately four times to the fire weather extremes in intensity and duration of days (Figure 4.6c-d), in addition to northern South America, southern Africa and southern Asia regions mentioned in Figure 4.6a-b. Correspondingly, twofold decreases in likelihood of the fire weather extremes in both intensity and duration of days are not only encountered in the equatorial regions of Africa previously mentioned (Figure 4.6a-b), but are also apparent in northern North America and most pa
	For each grid cell, Figure 4.6e-f displays the changes in PR of extreme fire weather intensity and duration of days between these two approaches. Results after the model evaluation and selection step manifest the variations of under-and over-estimations all around the world compared to the conventional synthesis, particularly the underestimations in eastern Europe and north-western Asia, overestimations in northern Asia in fire weather intensity (Figure 4.6e). Regarding the duration of extreme fire weather,
	Concerning each grid cell, the percentage of uncertainty changes in the range of PR (0-100%) is shown in Figure 4.6g-h. The range is provided by the lowest and highest PR among evaluated CMIP6 models, while the change of the range is according to the two synthesis approaches applied in Figure 4.6a-d. Overall, the global changes for both fire weather intensity (Figure 4.6g) and fire weather duration (Figure 4.6h) are 45.1% and 39.1%, as a decrease in the range of PR, separately. There is a positive trend in 


	4.4 Discussion and conclusions 
	4.4 Discussion and conclusions 
	The occurrence and subsequent impact of severe wildfires in recent years has heightened scientific, public and media curiosity about how such events are linked to a changing climate. Attribution analysis of extreme wildfires requires a distinction to be made between the fire 
	4.4 Discussion and conclusions 
	itself and the meteorological conditions that coincided with it. Studies seeking to attribute episodes of extreme fire weather are historically rare in comparison to flood-and drought-related studies, for instance. However, as the number of wildfire attribution studies begins to grow, there is a clear need to continue to build an understanding of the sensitivities and sources of uncertainty associated with the findings of such studies, particularly with respect to the latest generation of climate models. 
	Here, an established statistical methodology was used to conduct the first global probabilistic attribution of extreme fire weather intensity and duration based on six large ensembles from CMIP6. The approach taken and the findings drawn are important for several reasons. Firstly, established statistical methods are applied to six large CMIP6 model ensembles (i.e., at least 10 members) to probabilistically attribute extreme fire weather in fire-prone areas throughout the world, thereby quantifying the exten
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	Using six large ensembles from CMIP6, attribution analysis of extremes in fire weather intensity was first presented to provide an understanding of the performance of the fire weather indicator FWI in fire-prone regions of the world, the risk-related assessment of fire weather hazards and trends in their probabilistic variability. In most fire-prone regions of the world, the majority of models show an increase in the likelihood of extreme fire weather occurrence since the pre-industrial era as a response to
	Applying the same six large ensembles, we then analysed probabilistic changes in extremes in fire weather duration. We found an increasing trend in probabilities of fire weather extremes in duration of days across most of the globe, which appear consistent 
	Applying the same six large ensembles, we then analysed probabilistic changes in extremes in fire weather duration. We found an increasing trend in probabilities of fire weather extremes in duration of days across most of the globe, which appear consistent 
	with the increasing probability of high-intensity extreme fire weather conditions. This is accompanied by a decreasing trend in probabilities of prolonged fire weather extremes for a small number of specific regions, such as northern North America and equatorial Africa. Notably, it was found that the upward trend in the probability of extreme fire weather intensity tends to be paired with an increase in its duration, i.e., the occurrence of more intense fire weather also predicts a greater likelihood of a p

	Finally, a synthesis was generated from the results of the set of six climate models. Following a model evaluation and selection step, an averaging of results across multiple models was limited to those models that met performance criteria. A more reliable and specific global probability ratio plot reflects the changing likelihood of the fire weather extremes in intensity and duration of days. The results confirm an increasing trend in the probability and duration of extreme fire events corresponding to glo
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	The results of this study also highlight the sensitivity of the probabilistic attribution of fire weather extremes to the choice of climate models. Single models suffer from unavoidable biases, while a simple combination of multiple models can lead to a significant underestimation of results under some circumstances. Therefore, the following recommendations are made for the attribution of future extreme fire weather events: (i) the use of ensembles of multiple models; (ii) comparison of results between mode
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	Chapter 5 


	Application of framework to case studies 
	Application of framework to case studies 
	Abstract -In recent years, the occurrence of a series of devastating wildfires events around the world has raised considerable public concern about how climate change is altering meteorological conditions conducive to such events. The relative scarcity of wildfire attribution studies, coupled with the limited observational record, has added to the difficulty of developing reliable collective conclusions for future forest management strategies. The preceding chapters have discussed the uncertainties and sens
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	This chapter consists of three independent case study analyses of recent high-impact wildfire episodes, namely those that occurred in Siberia in July and August 2020 (cf. section 5.1), in Cape Town, South Africa in April 2021 (cf. section 5.2) and across the Euro-Mediterranean region in June to August 2022 (cf. section 5.3). The scale, duration and impacts differ between each wildfire event, but all occur in regions that have, to date, been underrepresented in the event attribution literature (Fig. 1.7). Ea
	The key differences in methodological emphasis stem from the spatiotemporal scale of each event, spanning the single-day wildfire with very localised impacts experienced in 
	The key differences in methodological emphasis stem from the spatiotemporal scale of each event, spanning the single-day wildfire with very localised impacts experienced in 
	Cape Town in April 2021 (section 5.2) to the regional-to-continental scale events that spread across Siberia (section 5.1) and the Euro-Mediterranean region (section 5.3) in 2020 and 2022 respectively. In the case of the latter event class, the use of a common spatiotemporal definition allows for multiple episodes of extreme fire weather to be attributed collectively. Climate model output is utilised in each case study, with the most appropriate model(s) selected on the basis of performance and/or ensemble 

	Figure 5.1: Schematic to show the nature and analytical emphasis of the three case studies. 
	5.1 Case study 1: 2020 Siberia wildfires 
	5.1 Case study 1: 2020 Siberia wildfires 
	Were Meteorological Conditions Related to the 2020 Siberia Wildfires Made More Likely by Anthropogenic Climate Change? 
	5.1 Case study 1: 2020 Siberia wildfires 
	5.1.1 Introduction 
	5.1.1 Introduction 
	The summer of 2020 saw Siberia hit by widespread wildfires for a second consecutive year. By September alone, 14 million hectares had been burnt by more than 18,000 individual fires (Witze, 2020). The 2020 fires were responsible for the emission of approximately 350 megatonnes of carbon, more than four times the annual average observed across Siberia during the preceding two decades (Ponomarev et al., 2021). While fire activity is common in Siberia, accounting for between 8.5% and 25% of the annual burned a
	During 2020, spring and summer temperatures were abnormally high across Siberia. At Verkhoyansk in Yakutia (67°33’N 133°23’E), a new record of 38°C was set for the highest daily maximum temperature ever recorded north of the Arctic Circle (WMO, 2020). A comprehensive study conducted by the World Weather Attribution consortium concluded that such intense temperature, spanning such a large area, would have been almost impossible during the first half of 2020 without the influence of human-induced climate chan
	-

	While this period of extreme heat was undoubtedly an important factor driving wildfire activity, a specific assessment of the contribution of human-induced climate change should account for other meteorological factors that collectively present fire-conducive conditions. Such an assessment is made challenging by Siberia’s vast geographical extent and varied climatology. Here, we isolate Siberia’s most intense fire episodes during 2020 and quantify the influence of global warming on the meteorological condit

	5.1.2 Data and Methods 
	5.1.2 Data and Methods 
	Throughout the study, fire-conducive meteorological conditions are defined by the Canadian Fire Weather Index (FWI; Van Wagner, 1987), a widely-used metric based on relative 
	humidity, surface wind speed, precipitation, and temperature to quantify forest fire danger. It forms the basis of global fire weather datasets (Field et al., 2015; Vitolo et al., 2020) and the Global Wildfire Information System. Our study region is defined by the West, East, and Northeast Siberian taiga ecoregions (Olson et al., 2001), which collectively constitute an area of 6,700,000 km² and represent some of the most extensive areas of natural forests in the world. The location and intensity (defined by
	We conduct independent attribution analysis at a series of 13 ‘hotspots’ associated with the most intense 2020 fires (see section 5.1.5 for details). The ‘2020-type event’ is defined at each hotspot as the April-September maximum value of 7-day mean FWI (hereafter FWIx7day) occurring within the hotspot’s spatial domain. A statistical method based on a time-dependent Generalised Extreme Value (GEV) distribution, frequently applied to both observational and climate model data in previous work (e.g., Schaller 
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	At each hotspot, we evaluate the return time, and hence the probability, of a 2020-type event occurring in a ‘past’ climate of 1880 (p0) and a ‘present’ climate of 2020 (p1). Changes in the likelihood of 2020-type events are quantified using the probability ratio (PR) p0/p1. We also calculate the percentage change in FWI magnitude (%MAG) between a 2020-type event and an event of comparable likelihood occurring in 1880. Following the evaluation 
	5.1 Case study 1: 2020 Siberia wildfires 
	of the model’s representation of extreme FWI statistics, a simple bias correction is used to account for systematic discrepancies between the reanalysis and CNRM-CM6-1 (see section 
	5.1.5 for details). Confidence intervals (CIs) for each GEV fit, and subsequently for both PR and %MAG, are estimated with a 1,000-sample non-parametric bootstrap. 

	5.1.3 Results 
	5.1.3 Results 
	Fires were widespread throughout the study region during April-September 2020 (Figure 5.2a). The most intense fires occurred in several clusters and generally north of 60°N. The highest-intensity fires were detected throughout the fire season, with a large proportion occurring between mid-June and August (Figure 5.2b). The individual fire detections at the centre of each hotspot all reside in the upper tail of the fires’ empirical cumulative distribution function (Figure 5.2c). The 2020 anomalies in FWIx7da
	0.81; CI range 0.71-0.93; 

	Positive changes in likelihood are found at the four hotspots (C, H, K and M) residing north of 65°N, where the exceptionality of 2020 fire weather is evidenced by large anomalies (>10 FWI units) amounting to some of the highest of FWIx7day values observed since 1979 (Figure 5.1d-e). At hotspot C, the likelihood of a 2020-type event is found to have increased by more than 30% (PR = is found at hotspot H but is not significant at the 95% level. Further east, significant increases in likelihood are found at h
	1.33; CI range of 1.10-1.55; Figure 5.3e). A change of almost 20% 
	1.78; CI range of 1.22-2.58; Figure 5.3g). Significant, though smaller, increases 
	range of 1.02-1.28; Figure 5.3i). 

	Figure
	5.1 Case study 1: 2020 Siberia wildfires 
	Figure
	Figure
	Figure 5.2: (a) Locations and intensity of April-September 2020 fires detected by FIRMS. Only detections that meet the FIRMS ‘high-confidence’ criteria are shown. Point size and colour show fire radiative power in megawatts (MW) as an indicator of fire intensity. Siberian ecoregions shown in green. (b) Maximum 7-day mean FWI during April to September 2020 expressed as an anomaly of the 1979-2019 mean annual maxima. In both (a) and (b), the shaded areas within the dashed circles show the location of the 13 h
	linked to episodes of extreme heat across northern Siberia, but further analysis would be required to connect the attribution of FWI maxima at these hotspots to that of the distribution of extreme heat during the first half of 2020 (Ciavarella et al., 2021). 
	Figure
	5.1 Case study 1: 2020 Siberia wildfires 
	Figure
	Figure
	Figure 5.3: (a) Location of 13 fire hotspots and the overall sign change in likelihood of a 2020type event between 1880 and 2020 (red: increase; blue: decrease; solid lines: significant; dashed lines: not significant). (b) PR calculated at each hotspot; bars show 95% CIs following non-parametric bootstrapping; central value shown in bold. (c) As (b) but for %MAG. (d)-(i) Gumbel plots for significant hotspots, showing the GEV model fit scaled to the smoothed GMST of 1880 (blue) and 2020 (red). Shading repres
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	5.1.4 Conclusions 
	5.1.4 Conclusions 
	Hotspots west of the Verkhoyansk range are not associated with significant increases in likelihood despite being representative of the most intense fire clusters across the central Siberian plateau. At hotspots B and E, which correspond to areas of particularly intense fires and large FWI anomalies during 2020, the likelihood of 2020-type conditions was found to have decreased by approximately 10-20% (not significant at the 95% level). The increase in likelihood of more than 20% (PR = D, is striking given t
	1.21; CI range 1.03-1.46) at the most southerly hotspot, 

	Our analysis has sought to quantify the role of human-induced climate change on fire meteorological conditions associated with the most intense fire episodes, occurring in Siberia over the 2020 fire season. Previous work has identified the fingerprint of human influence on the extreme heat during the beginning of the year (Ciavarella et al., 2021). To complement such work, we considered the link between long-term global temperature and the meteorological parameters that collectively constitute extreme fire 
	-

	The inter-hotspot differences are intriguing and merit further analysis to quantify the factors that contribute toward trends in extreme fire weather in this vast region. More generally, the results highlight the sensitivity of the findings of wildfire attribution analysis to the spatiotemporal characteristics used to define the event, either in terms of the impact (i.e., the fire intensity) or the prevailing meteorology (i.e., FWI). Results are also expected to be sensitive to the choice of general circula

	5.1.5 Supplementary material 
	5.1.5 Supplementary material 
	The hotspots were defined by a 250-km radius and constructed using a stepwise approach to ensure that (a) they represent the immediate vicinity of the most intense fires, and (b) there is no overlap between them. All fires with fire radiative power (FRP) > 300 MW were selected 
	The hotspots were defined by a 250-km radius and constructed using a stepwise approach to ensure that (a) they represent the immediate vicinity of the most intense fires, and (b) there is no overlap between them. All fires with fire radiative power (FRP) > 300 MW were selected 
	and ranked by FRP. This set corresponds approximately to the highest 1% of FRP values among fires detected between April and September 2020. The first hotspot was centered on the location of the most intense fire; all smaller fires within two hotspot radii of this point were then removed from the ranked selection to ensure that none of the hotspots overlapped. The process was repeated for the fire with the next highest FRP, and so on until all fires had been assigned to a hotspot. 

	To assess the change in risk associated with a 2020-type event in the model, it is necessary to account for systematic discrepancy between the ERA5-driven global fire danger reanalysis (Vitolo et al., 2020) and CNRM-CM6-1. The mean (standard deviation) of FWIx7day maxima across the 13 hotspots was 38.7 (7.2) in the reanalysis and 42.5 (12.5) in CNRMCM6-1. The ratio of a GEV distribution fitted with CNRM-CM6-1 data (mean = 0.26;
	-
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	range = ) compares favorably with that fitted with reanalysis data (mean = 0.25; a simple additive bias correction to transform the reanalysis-derived maxima to match the distribution in CNRM-CM6-1 is appropriate (e.g., Philip et al., 2020). Corrections were based on the difference in µ between the reanalysis-and model-fitted GEV distributions (mean = 3.8; standard deviation = 8.5). 
	0.18–0.35
	range: 0.13–0.33), suggesting that the application of 



	5.2 Case study 2: 2021 Cape Town wildfire 
	5.2 Case study 2: 2021 Cape Town wildfire 
	The April 2021 Cape Town wildfire: has anthropogenic climate change altered the likelihood of extreme fire weather? 
	5.2.1 Introduction 
	5.2.1 Introduction 
	In April 2021, a devastating wildfire tore through the iconic Table Mountain area of Cape Town, South Africa (Table Mountain National Park, 2021). Following a human-induced ignition on the morning of 18 April, worsening weather conditions led to increased fire spread that lasted until the afternoon of 20 April when the fire was eventually extinguished. The fire burned across more than 600 hectares of wildland (Palm, 2022), with its incursion into urban areas resulting in widespread evacuations and several h
	5.2 Case study 2: 2021 Cape Town wildfire 
	5.2 Case study 2: 2021 Cape Town wildfire 
	mid-April (Forsyth and Bridgett, 2004; Christ et al., 2022), raise important questions about the challenges in responding to changing fire regimes at the wildland-urban interface. 
	The first three weeks of April 2021 were abnormally warm and dry along South Africa’s west coast, at the southern tip of which Cape Town is situated. These conditions were highly conducive to wildfire ignition and spread. Previous work has demonstrated a link between extreme hydroclimatic events in the surroundings of Cape Town and anthropogenic climate change, most notably in an attribution study of the 2015-2017 drought (Otto et al., 2018b). While such droughts are likely to enhance fire risks, a quantifi


	5.2.2 Data and methods 
	5.2.2 Data and methods 
	Firstly, to place the April 2021 event in the context of the regional fire regime, location and intensity data on historical fires (2001-2021) are taken from the Moderate Resolution Imaging Spectroradiometer (MODIS; Giglio et al., 2016) via the Fire Information for Resource Management System (FIRMS). Our analysis of fire-conducive meteorology is based on the Canadian Fire Weather Index (FWI; Van Wagner, 1987), which combines temperature, surface wind speed, relative humidity and precipitation. FWI has been 
	Firstly, to place the April 2021 event in the context of the regional fire regime, location and intensity data on historical fires (2001-2021) are taken from the Moderate Resolution Imaging Spectroradiometer (MODIS; Giglio et al., 2016) via the Fire Information for Resource Management System (FIRMS). Our analysis of fire-conducive meteorology is based on the Canadian Fire Weather Index (FWI; Van Wagner, 1987), which combines temperature, surface wind speed, relative humidity and precipitation. FWI has been 
	fire weather maxima (Liu et al., 2022a) across much of southern Africa, although the extent of the observational record limits each analysis to just a few decades. Here, simulations of historical FWI are derived from six large ensembles (at least 10 members) from the 6th phase of the Coupled Model Intercomparison Project (CMIP6; Eyring et al., 2016) for the period 1850-2014 (see supplemental material for details). As the extent of the April 2021 fire was relatively small, model output is taken for a single 

	We apply a probabilistic statistical methodology based on a time-dependent generalized extreme value (GEV) distribution to each of the six CMIP6 model ensembles to quantify changes in the likelihood of extreme fire weather to rising global temperatures. This method has been widely used in the attribution of different extreme events (e.g., Schaller et al., 2014; Eden et al., 2016; van der Wiel et al., 2017; Eden et al., 2018; Otto et al., 2018a), including episodes of extreme fire weather (e.g., Krikken et a
	σ 

	µ parameter ξ remain constant (Philip et al., 2020; van Oldenborgh et al., 2021b). We evaluate the FWI threshold associated with the April 2021 event for each CMIP6 model following a bias correction based on the ratio between the µ parameters of the stationary GEV fit and that fitted with FWI maxima from GEFF-ERA5. The bias correction method matches that used in Case Study 1 (Section 5.1); further details are given in section 5.1.5). We then estimate the probability of this threshold being exceeded, firstly
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	parametric bootstrap is used to estimate confidence intervals (CIs) for each model. Following a model evaluation and selection step based on the dispersion ratio of each model’s GEV fit, a final PR result is obtained by a multi-model weighted average (e.g., Eden et al., 2016; Philip et al., 2018). 
	5.2 Case study 2: 2021 Cape Town wildfire 
	5.2 Case study 2: 2021 Cape Town wildfire 


	5.2.3 Results 
	5.2.3 Results 
	Between 2001 and 2021, fires frequently occurred across the Cape Floristic Region along South Africa’s southern and southwestern coastal margins. Fires during March-May occurred predominantly in the west of this region (Figure 5.4a) and regularly exceeded a fire radiative power (FRP) of 900MW (Figure 5.4b). The majority of fires observed within 50km of Cape Town occurred between December and March; far fewer fires are observed later than mid-March (Figure 5.4c). Synoptic conditions during the week leading u
	An overall increase in the likelihood of a 2021-type event between 1880 to 2021 was found for all six CMIP6 models, with PR ranging from 1.2 (INM-CM5-0) to 4.1 (MPIESM1-2-HR) (Figure 5.5a-f). The uncertainty ranges vary between models, and statistical significance is found only in CanESM5 (95% CI: 1.3-5.6; Figure 5.5a) and MPI-ESM1-2-HR (95% CI: 1.6-29.5; Figure 5.5f). These results complement the positive trends in observed extreme fire weather revealed in recent work (Jain et al., 2022; Liu et al., 2022a)
	-

	The small spatial extent of the April 2021 event, and the subsequent application of the method to a single model gridcell, results in a relatively large influence of internally driven natural variability on PR uncertainty (Kay et al., 2015). Combining results as part of a multi-model synthesis is a useful way to summarise and communicate overall findings when internal variability is large. Here, the synthesis is limited to those models that realistically represent FWI extremes, defined by the dispersion rat
	Figure
	Figure 5.4: (a) Location and (b) intensity (FRP) of FIRMS-detected fires (2001-2021). (c) Intra-annual timing and FRP of FIRMS-detected fires within the Western Cape Province. Fires within 50km of Cape Town are shown in red. (d) ERA5 mean 500-hPa geopotential height (contours) and surface winds (arrows) for 11-17 April 2021. (e) Temperature (°C), (f) relative humidity (%) and (g) wind speed (m/s) and direction observed between 11 and 19 April 2021 at Cape Town WO. (h) Cape Town FWI between July 2020 and Jun
	5.2 Case study 2: 2021 Cape Town wildfire 
	Figure
	Figure 5.5: (a)-(f) Gumbel plots for the six CMIP6 models, showing the GEV model fit scaled to the smoothed observed GMST (GISTEMP Team, 2022; Lenssen et al., 2019) of 1880 (blue) and 2021 (red). Shaded areas represent the 95% CIs following non-parametric bootstrapping. The magenta lines represent the 2021-type event, scaled to the model distribution using bias correction. The blue (red) bars represent the 95% CIs for the return period of a 2021-type event in the climate of 1880 (2021). (g) PR estimates for
	weighted average is approximated by adding the errors for each PR estimate in quadrature (e.g., Philip et al., 2018). The multi-model synthesis result suggests that the weighted average of the likelihood of the 2021-type event increased by a factor of 1.9 (95% CI: 1.2-3.1; Figure 5.5h) between 1880 and 2021 as a result of rising global temperatures. 

	5.2.4 Conclusions 
	5.2.4 Conclusions 
	Our analysis aimed to quantify the impact of a changing climate on the extreme fire weather that coincided with the Cape Town wildfire on 18 April 2021. We applied an established statistical method to the outputs of six large ensembles from CMIP6 to estimate how the likelihood of the 2021-type conditions has been altered by anthropogenic climate change, here expressed as the change in global mean temperature since the late 19th century. Averaging the results from multiple models revealed a mean probability 
	The results complement existing efforts to attribute hydroclimatological extremes around Cape Town, including droughts (e.g., Otto et al., 2018b; Zscheischler and Lehner, 2022), and add to the growing set of attribution studies on wildfires and extreme fire weather in different parts of the world (e.g., Krikken et al., 2021; van Oldenborgh et al., 2021a; Liu et al., 2022b). Our analysis also highlights the importance of drawing findings from multiple models in pursuit of the most robust statement possible f

	5.2.5 Supplemental Material 
	5.2.5 Supplemental Material 
	• Observational data 
	Observed weather data were taken from the Cape Town WO station (latitude: 33.9631°S, longitude: 18.6023°E; South African Weather Service SYNOP data). The data’s sub-daily variability was cross-checked for consistency with observations from stations at Molteno Reservoir (latitude: 33.9377°S, longitude: 18.4109°E; South African Weather Service SYNOP data) and Elsenburg (latitude: 33.8424°S, longitude: 18.8394°E; obtained from 
	5.2 Case study 2: 2021 Cape Town wildfire 
	5.2 Case study 2: 2021 Cape Town wildfire 
	the Elsenburg Western Cape Department of Agriculture Weather Data Portal: . /#). 
	https://gis
	elsenburg.com/apps/wsp

	• CMIP6 model ensembles 
	The application of the attribution approach to CMIP6 models (Eyring et al., 2016) was based on the availability of the required input variables for the FWI calculation. To reflect the value of a larger ensemble size in extreme event attribution (Hauser et al., 2017), a set of six large ensembles with at least 10 members was identified (detailed in Table 5.1). The use of a single grid cell represents the absolute lower limit of the scale that CMIP models could be used for conducting analysis of this nature. 
	Table 5.1: Details for the CMIP6 model ensembles used. 
	Model 
	Model 
	Model 
	Ens 
	Resolution (lon × lat) 

	CanESM5 CNRM-CM6-1 CNRM-ESM2-1 INM-CM-5-0 IPSL-CM6A-LR MPI-ESM1-2-HR 
	CanESM5 CNRM-CM6-1 CNRM-ESM2-1 INM-CM-5-0 IPSL-CM6A-LR MPI-ESM1-2-HR 
	50 30 10 10 32 10 
	128×64 (∼2.8× 2.8) 256×128 (∼1.4× 1.4) 256×128 (∼1.4× 1.4) 180×120 (2.0× 1.5) 144×143 (∼2.5× 1.3) 384×192 (∼0.9× 0.9) 


	• CMIP6 model ensembles 
	A synthesis based on weighted averaging allows us to combine PR estimates from multiple models. The synthesis follows an initial model selection step in which the dispersion ratio Figure 5.6). CNRM-ESM2-1 is the only model for which the dispersion ratio falls outside of the GEFF-ERA5 range, as indicated by the grey bar in Figure 5.6. 
	of the GEV fit for each model is compared with that of GEFF-ERA5 (95% CI: 0.12-0.25; 

	Figure
	Figure 5.6: Dispersion ratio of the GEV fit for each six CMIP6 model ensemble. Bars show 95% CIs; central values are shown in bold. The shaded area shows the CIs for the dispersion ratio of the GEV fitted with yearly March-May maxima in daily FWI from GEFF-ERA5 (0.118-0.245). 
	Figure 5.6: Dispersion ratio of the GEV fit for each six CMIP6 model ensemble. Bars show 95% CIs; central values are shown in bold. The shaded area shows the CIs for the dispersion ratio of the GEV fitted with yearly March-May maxima in daily FWI from GEFF-ERA5 (0.118-0.245). 





	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	How does climate change influence the past, present and future likelihood of the meteorological conditions associated with the 2022 Euro-Mediterranean wildfires? 
	-

	5.3.1 Introduction 
	5.3.1 Introduction 
	While wildfires are originally a natural phenomenon in Mediterranean countries, the increased intensity and severity of fires associated with climate change threaten the natural regime, the environment, and society (de Dios and Rinaudo, 2020; Cochrane and Bowman, 2021). In the summer of 2022, an unprecedented condition of wildfires across the Euro-Mediterranean region raised substantial public concerns about the changes to an earlier and longer wildfire season (Rodrigues et al., 2023). In particular, betwee
	Based on the Fire Information for Resource Management System (FIRMS), countries affected by the 2022 wildfires include, but are not limited to, France, Spain, Portugal, Morocco, Algeria, Italy, Slovenia, Croatia, Bosnia and Herzegovina, Montenegro, Albania, 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	Greece, Bulgaria and Turkey. Spain alone accounted for 275,827 hectares of burned area, nearly 60% of the total burned area (468,793 hectares) of the entire European Union (EFFIS, 2023). According to information on natural disasters based on satellite imagery and geospatial data provided by Copernicus Emergency Management Services (CEMS), there were 47 rapid mapping activations on wildfires in EU member states between June and August 2022, 15 of which occurred in Spain, 11 in Greece and 6 in Portugal (CEMS,
	Summer 2022 was associated with a series of heatwaves that appeared earlier and were more prolonged than usual, setting temperature records in both Spain and France and resulting in record-breaking wildfire events in the Euro-Mediterranean region (C3S, 2022; Sundström et al., 2022a). Additionally, across the Euro-Mediterranean region, such exceptional heatwaves could be considered as "average" by 2035, even if countries meet the climate commitments outlined in the 2015 Paris Agreement (CCAG, 2022). The 2022
	Event attribution in wildfires, which aims to address to what extent anthropogenic climate change has altered the meteorological conditions conducive to wildfires, is an important mechanism to generate robust evidence of the changes in fire weather conditions. However, event attribution studies conducted over the Euro-Mediterranean region are relatively few compared to other fire-prone regions of the world (such as the US and Australia). Therefore, the aim of this study is to quantify the role of climate ch
	Event attribution in wildfires, which aims to address to what extent anthropogenic climate change has altered the meteorological conditions conducive to wildfires, is an important mechanism to generate robust evidence of the changes in fire weather conditions. However, event attribution studies conducted over the Euro-Mediterranean region are relatively few compared to other fire-prone regions of the world (such as the US and Australia). Therefore, the aim of this study is to quantify the role of climate ch
	insights that can be drawn from this analysis, while reflecting on the benefits and limitations of our approach. 



	5.3.2 Data and methods 
	5.3.2 Data and methods 
	Data describing the location and intensity of fires detected between June and August 2022 are taken from the Moderate Resolution Imaging Spectroradiometer (MODIS; Giglio et al., 2016) via the Fire Information for Resource Management System (FIRMS). Canadian Fire Weather Index (FWI; Van Wagner, 1987) data for the period 1979-2022, taken from GEFFERA5, the fire danger reanalysis based on the Global ECMWF Fire Forecast model and the ERA5 reanalysis (0.25° resolution; Vitolo et al., 2020), are used to define th
	-

	Independent attribution analysis is conducted at a series of hotspots associated with the most intense summer 2022 fires, using a selection approach developed by Liu et al. (2022b). The hotspots are based on a subset of fire episodes associated with (a) a minimum fire radiative power (FRP) of 1000 MW, and (b) a corresponding 7-day mean FWI value (hereafter FWIx7day) that is above the June-August historical (1979-2022) 95percentile. Once isolated, this subset of fires is ranked by FRP. Therefore, to quantify
	th 

	A total of ten hotspots are identified. For each hotspot, we use a statistical method based on a time-dependent Generalised Extreme Value (GEV) distribution, frequently applied to both observational and climate model data in previous work (e.g., Schaller et al., 2014; Eden 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	et al., 2016; van der Wiel et al., 2017; Eden et al., 2018; Otto et al., 2018a; Krikken et al., 2021; Liu et al., 2022a; 2022b; 2023), to estimate the change in probability of a ‘2022-type event’ (defined at each hotspot by the maximum FWIx7day value recorded within a given hotspot’s spatial domain) as a result of global warming. For each hotspot, a pool of annual FWIx7day maxima (hereafter FWIx7day) from all 50 ensemble members are fitted to a GEV distribution in which the location µ and scale σ parameters
	σ 

	µ 
	remain constant (Philip et al., 2020). Two types of GEV fits are conducted according to the period: a) for the past and present climate 1850-2022, 173 years of simulations and (b) for the future change under 1.5°C and 2.0°C increase in GMST (with respect to the reference period 1900-1949), a total of all 251 years (1850-2100) of simulations are used. 
	For each wildfire hotspot, we evaluate the return time, and hence the probability, of the 2022-type event occurring in a ‘past’ climate of 1910-1919, a ‘recent’ climate of 2010-2019, a future climate under a 1.5°C and 2.0°C GMST increase. Using the probability ratio, we quantify the changes in the likelihood of 2022-type events between the past and recent climate (PR), and between the recent climate and the future climate associated with 1.5°C (PR1.5) and 2.0°C (PR2.0) GMST increases. An additive bias corre


	5.3.3 Results 
	5.3.3 Results 
	5.3.3.1 Detections in fire intensity and locations 
	5.3.3.1 Detections in fire intensity and locations 
	We firstly explore the intensity and spatial extent of the 2022 wildfires in the context of previous fire seasons. Historically, fires occur across the Euro-Mediterranean region between June and August (Figure 5.7). However, when compared to the preceding two decades (2001-2021), the 2022 wildfires were especially intense in western parts than other areas of the Euro-Mediterranean region (Figure 5.7a). In particular, Portugal and Spain account for a very high number of fire occurrences in 2022. Fire cluster
	We firstly explore the intensity and spatial extent of the 2022 wildfires in the context of previous fire seasons. Historically, fires occur across the Euro-Mediterranean region between June and August (Figure 5.7). However, when compared to the preceding two decades (2001-2021), the 2022 wildfires were especially intense in western parts than other areas of the Euro-Mediterranean region (Figure 5.7a). In particular, Portugal and Spain account for a very high number of fire occurrences in 2022. Fire cluster
	and southern Italy, the western Balkans, Greece, and western Turkey. We also note that the southwestern region of France, which experienced some fires between 2001 and 2021, has witnessed more frequent fire events in 2022 alone. Across the study region as a whole, the 2022 fire season was generally associated with high intensity fires. The 90, 95, and 99FRP percentiles were the highest recorded since 2001, and only the 2007 and 2021 seasons have witnessed a larger number of fires with FRP that is above the 
	th
	th
	th 
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	Figure
	Figure 5.7: (a) Locations of fires detected by FIRMS in 2022 (red) compared to the period of 2001-2021 (grey). (b) The intensity (grey points) and frequency (blue line) of fires detected in the period of 2001-2021. The grey points show the date of detected fires with FRP>100 MW. The three grey lines (from light to dark) show the 90, 95and 99percentile of the FRP values over JJA 2001-2022. The blue steps show the number of fires exceeding the 90percentile (195 MW) of the period JJA 2001-2022. 
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	Intra-annual data from 2001 to 2022 show that fire activity occurs primarily during the boreal summer and autumn months (i.e., from June to November; Figure 5.8a, b). This was most evident in the summer of 2022, when many fire events exceeded the 95and 99.9
	th 
	th 
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	percentile FRP, especially during July and August, with the highest FRP even surpassing 5000 WM (Figure 5.8b). The intensity of fires occurring earlier in the year is generally much less than those occurring in summer (Figure 5.8b). 
	Figure
	Figure 5.8: (a) Intra-annual timing for detected fires (2001-2022). (b) Distribution of intra-annual timing of the European wildfires from January to December in 2022 (red) compared to the period of 2001-2022 (grey), with corresponding FRP values presented on the left. Blue lines show the 99.9, 99and 95percentile of the FRP values over 2001-2022. Numbers on the top represent the percentage of fire events detected for each month through all the fires during 2001-2022. 
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	The spatial distribution of the most severe fires detected by FIRMS between June and August 2022 is shown in Figure 5.9a. The stepwise selection procedure outlined in section 
	The spatial distribution of the most severe fires detected by FIRMS between June and August 2022 is shown in Figure 5.9a. The stepwise selection procedure outlined in section 
	5.3.2 was used to identify a total of ten hotspots that indicate where the most intense fires of summer 2022 coincided with episodes of extreme fire weather (Figure 5.9a-b). Note that fires observed in Greece, which were severe (FRP > 3000 MW), did not coincide with particularly extreme FWI, and, therefore, are not associated with a hotspot. Details of the individual fire event associated with each hotspot are given in the following section. 

	Figure
	Figure 5.9: Locations with (a) intensity and (b) names only of the ten fire hotspots of June-August 2022 FIRMS-detected fires in Southwest Euro-Mediterranean regions. Detections in each site shown in the map meet 1) that corresponding daily FWI on the event day is higher than 95percentile within the period of June-August 1979-2022 and 2) the FIRMS ‘high-confidence’ criteria. Point size and colour show fire radiative power in megawatts (MW) as an indicator of fire intensity. The study region is southwest Eur
	th 
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	5.3.3.2 Trends in observed fire weather conditions 
	The FWIx7day mean during JJA 2022 was the largest (> 50) in central and southern Portugal and Spain, as well as the north of Morocco, Algeria and Tunisia (Figure 5.10a). The highest anomalies of the JJA 2022 FWIx7day maxima values (> 25) were observed across France, southern Portugal and northern Spain, in addition to northern parts of Morocco, Algeria and Tunisia. Further east, high FWIx7day maxima were also observed in various parts of the western and eastern Balkans (Figure 5.10b). A large portion of the

	5.3.3.3 Events identified as wildfire hotspots 
	5.3.3.3 Events identified as wildfire hotspots 
	As described above, ten hotspots were identified (Figure 5.9a, b) and corresponding fire events are presented ranked by the degree of fire intensity (i.e., FRP) with further detailed information about the event date, FWI values, area burned, and impacts summarized in Table 5.2. 
	Table 5.2: Hotspot information. 
	Hotspots 
	Hotspots 
	Hotspots 
	Event date (yyyy-mm-dd) 
	FRP (MW) 
	FWI 
	Burned area (ha) 

	(a) Zamora, Spain (b) Larache, Morocco (c) Gironde, France (d) Komen, Slovenia (e) Ciudad Real, Spain (f) El Tarf, Algeria (g) Zaragoza, Spain (h) Aveyron, France (i) Lucca, Italy (j) Tipaza, Algeria 
	(a) Zamora, Spain (b) Larache, Morocco (c) Gironde, France (d) Komen, Slovenia (e) Ciudad Real, Spain (f) El Tarf, Algeria (g) Zaragoza, Spain (h) Aveyron, France (i) Lucca, Italy (j) Tipaza, Algeria 
	2022-07-18 2022-07-13 2022-07-18 2022-07-20 2022-07-25 2022-08-17 2022-07-19 2022-08-13 2022-07-19 2022-08-14 
	5563.7 5173.7 2391.4 2269.8 2209.4 1775.6 1616.2 1470.8 1447.1 1095.2 
	73.4 68.7 66.2 21.6 87.0 109.6 80.7 39.1 19.0 89.5 
	>31,000 4,660 ∼20,000 ∼3,705 NA ∼2,600 ∼14,000 >500 >900 NA 


	-The fire broke out on 17 July 2022 in Losacio, which is in northwestern Zamora province in Spain (Crisis24, 2022b). The intense fire reached its worst level on 18 July (Figure 5.11a), resulting in more than 31,000 hectares being burned (as of 21 July) with two deaths and three injuries, as well as the temporary evacuation of 6,000 people from the area (as of 18 July) (Crisis24, 2022b; Aljazeera, 2022b; Copernicus, 2022). Moreover, the fire was ignited in an adjacent area to 
	Hotspot (a): Wildfires in Zamora, Spain on 18 July 2022 

	Figure
	Figure 5.10: Anomalies of (a) the mean 7-day averaged FWI in June-August 2022 and (b) the maximum 7-day averaged FWI during June to August 2022 with respect to the 1979-2022 June-August climatology. (c) In terms of the probability of occurrence in maximum 7-day averaged FWI from June to August 2022 using 1979-2022 as climatological period. 
	Figure 5.10: Anomalies of (a) the mean 7-day averaged FWI in June-August 2022 and (b) the maximum 7-day averaged FWI during June to August 2022 with respect to the 1979-2022 June-August climatology. (c) In terms of the probability of occurrence in maximum 7-day averaged FWI from June to August 2022 using 1979-2022 as climatological period. 
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	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	the Sierra de la Culebra wildfire that burned 25,000 hectares of forest one month ago, in June 20223. Fire also affected some roads and trains, including the closure of the N-631 freeway between Moreruela de Tabara and Litos, and the suspension of train service on the AVE Madrid-Galicia highway line between Sanabria and Zamora (Crisis24, 2022b). The most intense fires detected in Zamora during the summer of 2022 occurred from mid-to late July (Figure 5.11a). This was preceded by a fire observed in mid-June,
	th 

	-The fire that broke out on Wednesday 13 July 2022, driven by strong winds, destroyed 4,660 hectares of forestland in many provinces in Morocco, while half of them are located in Larache (Aljazeera, 2022a; Alarabiya News, 2022). The largest fire in Larache caused one death with more than 5,200 families being affected in 35 nearby villages (Latrech, 2022). To respond to and mitigate the impact of the recent fires on agricultural activities and forests across the burned area, the Moroccan government announced
	Hotspot (b): Wildfires in Larache, Morocco on 13 July 2022 
	th 

	-Since 12 July 2022, wildfires had been raging in the south and southwest of France (Crisis24, 2022a). The most intense fire activity in the French Gironde region began on July 17 (Sundström et al., 2022b) and reached a record high intensity (2391.4 MW; Table 5.2) on the following day, which is very similar to the timing and evolution of the fire in Zamora, Spain (Hotspot a). Fires in the Gironde area lasted two weeks, causing nearly 20,000 hectares destroyed (as of 18 July) with around 37,000 people being 
	Hotspot (c): Wildfires in Gironde, France on 18 July 2022 

	Figure
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	Figure
	Figure 5.12: (a)-(j) Annual mean FWI (black lines) and the number of the fires (red bars) occurred during the period June-August from 2001 to 2022 at selected ten sites. In each case, fires are counted when the FRP value is above 500 WM. 
	Figure 5.12: (a)-(j) Annual mean FWI (black lines) and the number of the fires (red bars) occurred during the period June-August from 2001 to 2022 at selected ten sites. In each case, fires are counted when the FRP value is above 500 WM. 


	FWI values in Gironde show an obvious increase until the event date of 18 July, with the highest value of 66.2, which is about doubled the 95percentile of FWI during JJA 2022 (Table 5.2; Figure 5.11c). A large number of extreme fires occurred during the event date in mid-July, where similar intense fires associated with a similar trend in FWI emerged again around 10 August 2022. The number of fires reached an extremely high value of over 600, compared with the previous years of no more than 50 since 2001 (F
	th 

	-The first wildfire in the Karst region in Komen (Slovenia) started on 15 July 2022, spreading by extreme heatwaves with strong winds and covering burning land as much as 3,705 hectares in 17 days (Korosec, 2022; Žarkoviˇ
	Hotspot (d): Wildfires in Komen, Slovenia on 20 July 2022 

	c, 2023). In total, approximately 15,000 firefighters battled the uncontrolled blaze to save the numerous villages and towns in the area, in addition to local volunteers and support from neighbouring countries (?). The highest fire radiative power (2269.8 MW) observed in the Korman region of Slovenia occurred on 20 July 2022, with a corresponding FWI value above the 95percentile at around 21.6 (Table 5.2; Figure 5.11d). It is noteworthy that the fire started spreading around 15 July, and the corresponding F
	th 

	-During summer 2022, extreme weather conditions that were conducive to wildfires (FWI > 95percentile) occurred several times in the region of Ciudad Real in Spain (Figure 5.11e). Comparatively high FWI values were observed throughout the period in this area, differing from other wildfire events (Figure 5.11e). The most intensive fire (2209.4 MW) occurred on 25 July, when the FWI also reached its highest value of 87.0 (Table 5.2; Figure 5.11e). With regards to the mean FRP values and the number of fires, 200
	Hotspot (e): Wildfires in Ciudad Real, Spain on 25 July 2022 
	th 

	-Since the commencement of August, Algeria has witnessed a staggering total of 106 fires, resulting in the devastation of over 2,500 hectares (6,200 acres) of woodland. Tragically, at least 26 people have lost their lives, and dozens more have sustained injuries due to the fires (The Guardian, 2022). Of particular concern were the fires in El Tarff (Reliefweb, 2022) in northern Algeria, near the Tunisian border, in which nearly 2,600 hectares were burned (Alkhaldi, 2022) and 24 people died with hundreds for
	Hotspot (f): Wildfires in El Tarf, Algeria on 17 August 2022 
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	worsened especially in recent years due to the climate crisis (The Guardian, 2022; Aljazeera, 2022c). Whilst there were some wildfires in the El Tard area of Algeria in June and July 2022, the most intensive fire occurred on 17 August, with a series of fires occurring on the same day (Figure 5.11f). The observed FWI value nearly doubled the 95percentile during the summer from 1979 to 2022, at 109.6, with a corresponding FRP at 1775.6 MW (Table 5.2; Figure 5.11f). The mean FRP value in 2022 is the second-hig
	th 

	-Wildfires in Zaragoza, Spain started on Tuesday 19 July 2022 and had been stabilized in three days on 21 July (Yahoo, 2022). The fire occurred in Ateca (Zaragoza province of Spain) and led to the closure of all train services with Madrid, Aragon and Catalonia as well as causing the burning of approximately 14,000 hectares on Wednesday (Yahoo, 2022; Aljazeera, 2022d). Weather conditions during summer 2022 in Zaragoza, Spain show a significant upward trend since early July and peaked at 80.7 on the event dat
	Hotspot (g): Wildfires in Zaragoza, Spain on 19 July 2022 

	-On August 10 2022, wildfires engulfed the area around Mostuéjouls in the southern department of Aveyron, France (Reuters, 2022). The impact has been substantial, with over 750 hectares of vegetation reported burned as of August 12. In response to the escalating threat, approximately 3,500 people have been evacuated from the affected region (Brent, 2022). A few days later on Saturday 13 August, a reignited extreme fire broke out in the same area which forced the evacuation of over 1,000 people and burned mo
	-On August 10 2022, wildfires engulfed the area around Mostuéjouls in the southern department of Aveyron, France (Reuters, 2022). The impact has been substantial, with over 750 hectares of vegetation reported burned as of August 12. In response to the escalating threat, approximately 3,500 people have been evacuated from the affected region (Brent, 2022). A few days later on Saturday 13 August, a reignited extreme fire broke out in the same area which forced the evacuation of over 1,000 people and burned mo
	Hotspot (h): Wildfires in Aveyron, France on 13 August 2022 

	(g), the fire count reached the highest to show the exceptionality of the fire activities that occurred in this hotspot (Figure 5.12h). 

	-Wildfires erupted in Massarosa of Lucca, Italy, on the evening of Monday July 18 2022 (Cater, 2022). The situation persisted through Wednesday, leading to the evacuation of 500 people (Bressan and Agency, 2022). A helicopter intervention was initiated to control the fire, which, as of July 22, had ravaged over 900 hectares within a span of five days (Wikipedia, 2022). Although the fires observed in Lucca in the summer of 2022 were limited compared to other hotspots, wildfires that occurred on 19 July were 
	Hotspot (i): Wildfires in Lucca, Italy on 19 July 2022 
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	-In the forests of Mount Chenoua in Tipaza (Algeria) wildfires broke out on 14 August 2022 (Saada, 2022). As the event was located in the 1Military Region, helicopters that belonged to the Air Force participated to control the fire event, helping to reduce the losses (Saada, 2022). Major fires can be witnessed in mid-August in Tipaza (Algeria) with the most intensive one occurring on 14 August 2022 (Figure 5.11j). From late June to mid-August, FWI showed an increasing trend at 89.5 on the event date, while 
	Hotspot (j): Wildfires in Tipaza, Algeria on 14 August 2022 
	st 

	5.3.3.4 Attribution and projection of changing risks in extreme fire weather 
	Overall, the probabilities of the 2022-type events occurring across the Euro-Mediterranean region show statistically significant increasing trends either between the past and present climate or from recent to future scenarios, by using CanESM5 externally forced warming temperatures (Figure 5.13a-j). In the past climate during the period 1910-1919, seven of the ten events have a return period of around 20 years, while five of those events were likely to occur approximately every 50 years or more (Figure 5.13
	1.5 °C (Figure 5.13a-j). In a warmer world with a 2.0 °C rise in GMST, six of the ten events 

	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	5.3 Case Study 3: 2022 Euro-Mediterranean wildfires 
	are likely to happen again within or around five years, with three of them having a return period of around three years (Figure 5.13a-j). The three most intensive wildfires that occurred in Zamora, Spain (Hotspot a), Larache, Morocco (Hotspot b), and Gironde, France (Hotspot 
	c) all show return periods of around or over 50 years in the past climate of 1910-1919, and all the hotspots of the events become more frequent in the present climate of 2010-2019 and future scenarios (Figure 5.13a-c). 
	In Spain alone, three major wildfires were witnessed in Zamora, Ciudad Real and Zaragoza during 18-25 July 2022, ranked the first, fifth, and seventh in terms of the FRP across the study hotspots. PR results in Zamora, Spain illustrate one of the largest increases in likelihood over all the ten sites between the past climate (1910-1919) and the present climate (2010-2019), as well as the future climate for the 1.5 °C and 2.0 °C scenarios, with PR ranging from 2.9 to 7.5 PR1.5 ranging from 2.1 to 2.8 and PR2
	Wildfires that occurred in mid-July 2022 in Gironde (France) are associated with the highest PR results among all the ten hotspots, while the current fire weather condition has become five times more likely (95% CI range: 4.0-7.2) to occur compared to the past, and is estimated to increase by a factor of 2.6 (95% CI range: 2.4-2.8) and 3.2 (95% CI range: 3.0-3.6) under 1.5 °C and 2.0 °C global warming levels respectively (Figure 5.13c). Later in mid-August 2022, another wildfire raged in Aveyron. Although t
	During the same period, there were two wildfires in El Tarf and Tipaza (Algeria), for which the PR values show an approximate doubling likelihood (El Tarf: 2.0, 95% CI range: 1.8-2.2; Tipaza: 1.7, 95% CI range: 1.5-1.9) under recent climate conditions (Figure 5.13f, j). In the past, such events had a 45-year and 30-year return period, respectively, in contrast to the current return period of approximately 20 years. Changes in likelihood are more than 70% (El Tarf: 98%; Tipaza: 80%) when an increase in GMST 
	Weather conditions conducive to wildfires in the Larache region of Morocco, again, show significant increases from the past to present, as well as from the present to the warmer future (Figure 5.13b). The change in probability between the past (1910-1919) and present (2010-2019) climate is a factor of 2.0 (95% CI range: 1.7-2.4), while that between the present 
	Figure
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	climate and future scenarios of 1.5 °C and 2.0 °C warming levels are 1.4 (95% CI range: 1.4-1.7) and 1.6 (95% CI range: 1.5-1.6), separately (Figure 5.13b). 
	The return period for the wildfire events that occurred in the Komen region of Slovenia in the past climate has a value of around 10 years, while the return value of the same type of events is around 7.5 years in the present climate, and around 5-5.5 years in future scenarios (Figure 5.13d). This indicates the statistically significant increases in PR with a factor of 
	1.4 (95% CI range: 1.3-1.6), PR1.5 of approximately 1.4 (95% CI range: 1.3-1.4) and PR2.0 of 1.5 (95% CI range: 1.5-1.6), the lowest central value and smallest range of PR results of all ten hotspots (Figure 5.13d). Like the wildfires that occurred in Slovenia, the present fire weather conditions occurred in Lucca, Italy, had an increase in PR by approximately 40% compared to the past (Figure 5.13i). In addition to the future scenarios, the positive changes in likelihood compared to the current weather cond

	5.3.3.5 Attribution and projection synthesis across the region 
	5.3.3.5 Attribution and projection synthesis across the region 
	The synthesis results across the ten hotspots in the Euro-Mediterranean region suggests that the weighted average of the likelihood of the 2022-type events increased by a factor of 1.8 (95% CI: 1.7-1.9; Figure 5.14a) over the last century as a result of rising global temperatures. The calculation of the weighted average across the ten hotspots matches the method introduced in Case Study 2 (section 5.2.3); the weights for each event’s PR are given by the inverse of the squared uncertainty, with the uncertain
	For the estimated change in likelihood during the last century, PR results range from 1.4 (Lucca, Italy) to 5.0 (Gironde, France), with large discrepancies witnessed between different hotspots, and up to 7.2 times more likely to occur across the study region (Figure 5.14a). Apart from France, which has the highest increase in PR, the three most substantial positive changes in PR over ten hotspots are all in Spain, where the fire weather conditions have become at least 3.2 times more likely to occur accordin
	Figure
	Figure 5.14: PR estimates based on the comparison between (a) the past climate of 1910-1919 and the present climate of 2010-2019, (b) the present climate of 2010-2019 and the period that GMST reached by 1.5°C and (c) the present climate of 2010-2019 and the period that GMST reached by 2°C for the ten sites of wildfire events in Southwest Euro-Mediterranean regions in summer 2022 by using CanESM5 and the corresponding weighted averages. Bars show 95% CIs; central values are shown in bold. 
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	In terms of future scenarios, results in PR1.5 present a great consistency of the events across ten hotspots, averaged as around 60% more likely to occur compared to the present climate conditions, with increasing likelihoods ranging from 1.3 (Komen, Slovenia) to 2.6 (Gironde, France) accordingly (Figure 5.14b). Like the results between the past and present climates, the 2022-type events that occurred in four sites in both Spain and France show the highest positive changes in likelihood as a factor between 
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	5.3.4 Conclusions 
	Analyses in this study aim to summarize and quantify the influence of the changing climate on extreme fire weather occurring across the Euro-Mediterranean region in the summer of 2022. An established statistical approach was applied by using the output from the CanESM5 large ensemble to estimate how the likelihood of the 2022-type fire weather conditions have been and will be altered by anthropogenic climate change, expressed here as the change in global mean surface temperature since 1850. The results were
	1.8 was found, i.e., an overall increase in likelihood, approximately 80%, during the last century, and a further increase of 60% and 80% under 1.5°C and 2.0° global warming levels respectively. Diagnosing variations in the extremes of occurrence of different wildfire events in the same region, further across different timescales spanning past, present, and future, is challenging and a potential avenue for research. 
	These results complement the positive trends in observed extreme fire weather revealed in recent works (Jain et al., 2022; Liu et al., 2022a) and clearly underline the importance of assessing present-day risk assessment and attribution studies further with future risks. For all events selected over the study area, the attribution results and the assessment of future risks are showing a positive trend in the probability of extreme fire weather. Nevertheless, the PR, PR1.5 and PR2.0 of such extreme fire-prone
	These results complement the positive trends in observed extreme fire weather revealed in recent works (Jain et al., 2022; Liu et al., 2022a) and clearly underline the importance of assessing present-day risk assessment and attribution studies further with future risks. For all events selected over the study area, the attribution results and the assessment of future risks are showing a positive trend in the probability of extreme fire weather. Nevertheless, the PR, PR1.5 and PR2.0 of such extreme fire-prone
	and southern France. In addition, we note that the range for PR is relatively larger compared to the range for PR1.5 and PR2.0 present relatively the highest values. The range for PR, in particular, is relatively larger compared to the range for PR1.5 and PR2.0 based on model simulations under future scenarios, due to the larger scale of data for longer years in the future scenarios, resulting in less uncertainty in the changes. 

	Attribution research has emerged to answer public questions about to what extent has anthropogenic climate change altered the occurrence of extreme events, such as extreme fire weather. This development has led to the quantification and estimation of extreme weather events with complex causes, such as wildfires and droughts, to help different stakeholders to respond. In addition, the inter-temporal information spanning from past, present, and future in this research analysis would make the findings more acc
	Chapter 6 
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	6.1 Summary and Conclusions 
	6.1 Summary and Conclusions 
	In the context of climate change, wildfires have occurred more frequently and intensively across the globe in recent decades, posing enormous risk to natural and built environments and human livelihoods. This has led to significant public concern about the prevalence, spread, and impact of wildfires, and ultimately questions about the extent to which climate change is altering the meteorological conditions conducive to wildfires. Over the last decade, the emergence of attribution studies of high-impact weat
	The aim of this PhD project has been to develop a globally applicable empirical-statistical framework to better understand and quantify the changing nature of wildfire risk in the face of a changing climate. The research was motivated by three key themes, originally outlined in Chapter 1 (section 1.6): (a) the increasing prevalence and impact of severe wildfires in many parts of the world; (b) the relative paucity of wildfire, or otherwise fire weather, attribution studies and, consequently, the uncertainti
	This chapter draws together the key findings of this research and details considerations for further study. In the remainder of section 6.1, the three research questions and related objectives outlined in Chapter 1 (section 1.6) are reasserted and discussed in terms of how each has been addressed and answered. In section 6.2, the limitations and scope for further research are identified and discussed. 
	6.1.1 Research Question 1: To what extent can observed worldwide changes in extreme fire weather during recent decades be linked to warming global temperatures? 
	6.1.1 Research Question 1: To what extent can observed worldwide changes in extreme fire weather during recent decades be linked to warming global temperatures? 
	Objective 1.1: To develop and apply a global approach for extreme fire weather attribution upon which future studies can build. Despite the growth of attribution science in recent years, there are still relatively few studies for certain types of extreme events, such as wildfires, due to the complexity of understanding their physical mechanisms (for wildfires, in the ignition and spread particularly) and the difficulties posed by the lack of data. In Chapter 3, a probabilistic framework based on extreme val
	-

	Objective 1.2: To evaluate the uncertainty concerning the choice of fire weather indicators and metrics in linking regional trends in observed fire weather extremes to global warming temperatures. In Chapter 3, a set of fire weather indicators from the CFWIS were assessed in all fire-prone areas of the world. On the global scale, a positive trend was found in the seasonal averages of each index, and this is in line with the observed global fire weather and its relationship with climate change (Jain et al., 
	6.1 Summary and Conclusions 
	6.1 Summary and Conclusions 
	attribution. 
	In addressing Research Question 1, the following conclusions can be made: 
	• 
	• 
	• 
	Most of the world is associated with an increase in mean fire weather for all five CFWIS indices. More than 25% of fire-prone grid points for all indices, including the Americas, Australia, Europe, central Asia, and central and southern Africa, show a significant positive trend. 

	• 
	• 
	In about 40% of the world’s fire-prone grid points, particularly in temperate North America, Europe, Africa, Boreal and Central Asia, the likelihood of an extreme fire weather increases by a factor of four (PR>4) in response to global warming in temperature. On the other hand, 

	• 
	• 
	A decrease in the likelihood (PR<1) in response to a rise in global temperature suggests that extreme fire weather appears to be less likely across all CFWIS indices in South Asia, Southeast Asia, Northern Hemisphere South America, Western West Africa, Southern and Eastern Africa. 

	• 
	• 
	While spatial patterns in likelihood are relatively similar across the CFWIS indices, some areas, such as Australia, display markedly different results, highlighting the sensitivities to the choice of fire weather indicators. 

	• 
	• 
	A set of recent exceptional extreme fire weather episodes are classified according to the observational record, demonstrating how collective conclusions can be drawn from the attribution of multiple events. 


	6.1.2 Research Question 2: What do state-of-the-art global climate models reveal about the extent to which extreme fire weather across the world has been altered as a result of anthropogenic climate change? 
	-

	Objective 2.1: To evaluate the performance of climate model large ensembles in representing extreme fire weather. As the number of wildfire attribution studies grows, there is an obvious need to continue to develop an understanding of the sources of sensitivity and uncertainty associated with the results of these studies, particularly when it comes to the most recent generation of climate models. In Chapter 4, a set of six large ensembles (>10 members) from CMIP6 were evaluated. Generally, all models can 
	Objective 2.1: To evaluate the performance of climate model large ensembles in representing extreme fire weather. As the number of wildfire attribution studies grows, there is an obvious need to continue to develop an understanding of the sources of sensitivity and uncertainty associated with the results of these studies, particularly when it comes to the most recent generation of climate models. In Chapter 4, a set of six large ensembles (>10 members) from CMIP6 were evaluated. Generally, all models can 
	reasonably represent the fire weather extremes although considerable regional differences are apparent. Best practice should include a model evaluation and/or selection step. 
	-


	Objective 2.2: To estimate the changes in extreme fire weather conditions using multi-model large ensembles from the latest generation of climate models. In Chapter 4, following the empirical analysis (Objective 1.1), the same statistical methodology was applied to the six large ensembles from CMIP6 to conduct the first global probabilistic attribution of both the intensity and duration of extreme fire weather. Across much of the world’s fire-prone regions, most models show a 2-fold increase in likelihood o
	-
	-

	Objective 2.3: To facilitate and simplify communications from climate change modelling studies, while dealing with large uncertainties. For some regions, differences between models are evident, manifesting the large non-negligible uncertainties associated with the application of a single model and fewer simulations. This demonstrates the importance of integrating the results of multiple climate models. In Chapter 4, synthesis plots were generated from the results of the six CMIP6 model ensembles. Following 
	-
	-

	In addressing Research Question 2, the following conclusions can be made: 
	• 
	• 
	• 
	All six large-ensemble CMIP6 models realistically simulate extremes in both fire weather intensity and duration. There are considerable regional differences among models. 

	• 
	• 
	The probability ratio of extremes in fire weather intensity has increased at least twofold (PR>2) as a result of externally forced global warming in many parts of the world, including central and southern North America, northern South America, and southern Africa. 
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	• 
	• 
	• 
	The probability ratio of more prolonged extreme fire weather conditions has increased noticeably by at least a factor of two (PR>2), particularly so in southern North America, almost all over South America, southern Africa, Central and Southeast Asia, and parts of Australia. 

	• 
	• 
	A model evaluation and selection step avoids the over-and under-estimation of the probability analysis, offering a more robust synthesis results. 




	6.1.3 Research Question 3: How is climate change altering the risk associated with recent episodes of high-impact fire weather? 
	6.1.3 Research Question 3: How is climate change altering the risk associated with recent episodes of high-impact fire weather? 
	Objective 3.1: To conduct attribution analysis on a series of extreme fire weather case studies in different parts of the world. Based on the established framework and the global results shown in Chapters 3 and 4, a set of attribution case studies are conducted in Chapter 5. Three wildfire events were selected in Siberia in 2020 (cf. Chapter 5.1), Cape Town in 2021 (cf. Chapter 5.2) and Euro-Mediterranean regions in 2022 (cf. Chapter 5.3). 
	• 
	• 
	• 
	2020 Siberian wildfires. This event covered a relatively large area. By selecting one of the best performing CMIP6 models, CNRM-CM6-1, attribution results show 8 of the 13 study point (termed “hotspots”) with an average of 10% increase in likelihood in light of global warming temperatures. This study provided an initial attempt to attribute simultaneously multiple extreme fire weather episodes. 

	• 
	• 
	2021 Cape Town wildfire. The far smaller spatiotemporal scale of this event is a potential source of greater uncertainty, and an opportunity to emphasise the value of using multiple climate models. Averaging the results from multiple models revealed an overall increase in likelihood of 2021-type conditions of around 90%. This second case study demonstrates that even relatively coarse globals climate models can still deliver accurte and reliable results in studies on very limited spatiotemporal scales. 

	• 
	• 
	2022 Euro-Mediterranean wildfires. In the third case study, the framework is extended for risk assessment of projected changes in risk in a future climate. The CanESM5 model was chosen on the basis of its large set of 50 realisations, available for both the past and the future. A collective averaging of results from multiple selected locations where fire events occurred found an average increase in probability by approximately 80% compared to 100 years ago, with a 60% increase in 1.5°C 


	warming levels and an 80% increase in 2.0°C warming levels compared to today under a future scenario of continued global temperature increase. This study poses the inter-temporal information by combining the previous collective synthesis results to make the findings more accessible to meet the diverse needs of society and academia. 
	Objective 3.2: To explore the potential for collective attribution of multiple extreme fire weather events. Throughout the analysis of those three cases, the final objective is also highlighted. Examples of how the fire danger of a specific wildfire event should be defined in a meteorological context are conducted, with attempts at model selection and synthesis in three disparate case studies. These provide the opportunity to give the most robust statements and recommendations to the public and stakeholders
	In addressing Research Question 3, the following conclusions can be made: 
	• 
	• 
	• 
	As a result of global warming, the meteorological conditions that coincided with extreme wildfires in Siberia during 2020 were up to 80% more likely compared to a century ago, with a 10% increase in average across the study region. 

	• 
	• 
	According to the six large-ensemble CMIP6 models, the likelihood of the extreme fire weather associated with the April 2021 wildfire in Cape Town has increased by 90% due to the external forced warming temperatures. 

	• 
	• 
	Across the Euro-Mediterranean regions, an overall increase in likelihood of approximately 80% compared to one hundred years ago, and an increase of 60% at 1.5 °C warming level and 80% at 2.0 °C warming level compared to the present climate condition can be found for the 2022-type events in the context of continued global temperature increases in the future. 
	-



	The results presented in this thesis shed light on attributing global fire weather extremes and typical wildfire cases spanning the changes from the past to the present, as well as from the present to the future. It is hoped that the results of the research presented here will contribute to the development of attribution study in fire weather extremes, offering robust recommendations to reduce and address the hazards posed by wildfires and to improve post-disaster resilience. 
	6.2 Limitations and scope for further research 
	6.2 Limitations and scope for further research 
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	6.2 Limitations and scope for further research 
	The results generated by this research have shed light on the sensitivities and uncertainties associated with attribution of fire weather extremes. These include the choice of an appropriate spatiotemporal definition for the extreme event, the choice of fire weather indicator(s), and the selection, evaluation and, potentially, bias correction of the climate models(s). In the pursuit of accurate and reliable overall findings, it is crucial for further study give full consideration to these uncertainties and 
	-

	6.2.1 Recent developments in representing fire danger 
	6.2.1 Recent developments in representing fire danger 
	This work has focused exclusively on the set of fire weather indicators derived from the CFWIS. These indicators, particularly FWI, have been widely applied in many parts of the world. However, it is important to consider other fire risk indices that have also been proposed for different applications. These include the energy release component (ERC) from the United States (US) national fire danger rating system and the Keetch-Byram drought index (KBDI) from the US Department of Agriculture’s Forest Service.
	Furthermore, an index that only includes weather inputs without the state of wildland fuels or topography was introduced as the Lower Atmospheric Severity Index, known as the Haines Index (HI; Haines, 1988). The Hot-Dry-Windy Index (HDW) conducted by Srock et al. (2018) considers the potential for the atmosphere to affect a wildland fire by using meteorological variables such as temperature, moisture, and wind. In addition, the extreme-fire behavior index (EFBI; Artés et al., 2022) which considers the deep 
	Furthermore, an index that only includes weather inputs without the state of wildland fuels or topography was introduced as the Lower Atmospheric Severity Index, known as the Haines Index (HI; Haines, 1988). The Hot-Dry-Windy Index (HDW) conducted by Srock et al. (2018) considers the potential for the atmosphere to affect a wildland fire by using meteorological variables such as temperature, moisture, and wind. In addition, the extreme-fire behavior index (EFBI; Artés et al., 2022) which considers the deep 
	thunderstorm outflows, and other complicated phenomena during a wildfire, illustrating the potential for wildland fire predictions and the forecast of extreme fire behavior (Srock et al., 2018; Artés et al., 2022). 

	While studies on specific indices can indicate the detailed alterations caused by climate change directly, intercomparison of multiple fire risk indices may help further understand weather and climatic driving mechanisms, better provide robust information on attributing extreme events and potentially inform forecasting systems for the future. 

	6.2.2 Advanced postprocessing methodologies for climate models 
	6.2.2 Advanced postprocessing methodologies for climate models 
	While GCMs are acknowledged as the major source of knowledge about future climate, they cannot provide entirely unbiased outputs (Maraun, 2016). Extreme events sometimes occur on a local scale, which is below the typical model resolution (50-200km); therefore, higher resolution for simulations, statistical postprocessing such as hybrid statistical-dynamical downscaling, ensemble bias-correction, or stochastic modelling are necessary to solve the problem (Kirchmeier-Young et al., 2019b). A good example from 
	-

	Most bias corrections, such as quantile mapping, are applied to univariate time series. The neglection of the connections between different variables often affect the accuracy of simulations (Cannon, 2018; Vrac, 2018). The recent advanced bias correction method, so-called multivariable bias correction algorithm, is advised by Cannon (2018), and offers an inspiring way to improve the accuracy of relative models. This approach has been applied by Kirchmeier-Young et al. (2017b) for the attribution research of
	6.2 Limitations and scope for further research 
	6.2 Limitations and scope for further research 
	with a multivariate dependence structure. Advanced bias correction and downscaling within the post-processing methodologies also offer a good point for improving the accuracy of simulation outputs and strengthen the robustness of wildfire attribution studies, especially for the regions of complex topography (Shepherd et al., 2018). 
	Additionally, as climate models are further developed, there is likely to be more emphasis on available and reliable modelling of extreme values, which will potentially allow more models to be included in the synthesis step to discretize uncertainty in the communication process (van Oldenborgh et al., 2021b). Therefore, while the individual GCM and RCM remain biased, the choice of the weighted scheme may be crucial to provide a more robust synthesis result. Except for the simple weighted average from multip


	6.2.3 Novel techniques for attributing extreme events 
	6.2.3 Novel techniques for attributing extreme events 
	Essentially, attribution studies are a kind of estimation problem tightly associated with statistics (Stott et al., 2017). Based on this relation, some efforts have been inspired by the possibility of applying Bayesian approaches, as an alternative way to solve this problem (Coles, 2001). As early as 1996, Coles and Powell published a paper about the Bayesian methods in extreme value modelling. Based on the prior experience, posterior distribution can be obtained by the potential likelihood of the prior eve
	Aside from the distinction between slight differences in probabilistic attribution studies, the “storylines” approach originally proposed by Clark et al. (2016), to bypass the uncertainty in physical aspects of climate change, has recently been applied in the context of attribution (Shepherd et al., 2018). This approach concentrates on describing the extreme event rather than seeking to calculate probabilities of the risks, namely aims at qualitative analyses instead of quantitative estimations. In a partic
	Aside from the distinction between slight differences in probabilistic attribution studies, the “storylines” approach originally proposed by Clark et al. (2016), to bypass the uncertainty in physical aspects of climate change, has recently been applied in the context of attribution (Shepherd et al., 2018). This approach concentrates on describing the extreme event rather than seeking to calculate probabilities of the risks, namely aims at qualitative analyses instead of quantitative estimations. In a partic
	in the snowmelt and the heavy rainfall in the western Alps (Shepherd et al., 2018). As Shepherd et al. (2018) stated, the governments eventually established a mudflow dyke and restructured the river morphology to prevent the potential risks caused by the warming event. In general, this storyline method focuses on the actions taken for the further future as a probable precautionary measure from the climate change aspect by considering and understanding past historical events. 

	In summary, the selections of framing, statistical paradigms, and modelling are open and creative. Attribution studies have no doubt given significant contributions in the field of extreme events, improving the relative developments in the field. That said, viewing existing approaches through a critical lens is an important part of innovation and the construction of new methods. More than anything, it is hoped that the work presented here provides a platform for further analysis, methodological comparison a
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	%MAG -a percentage change in magnitude AGCMs -atmospheric-only general circulation models AOGCMS/CGCMS -coupled ocean-atmosphere general circulation models BAMS -the Bulletin of the American Meteorological Society BUI -Buildup Index CEMS -Copernicus Emergency Management Services CFWIS -Canadian Fire Weather Index System CI -confidence intervals CMIP5 -the fifth phase of the Coupled Model Intercomparison Project CMIP6 -the sixth phase of the Coupled Model Intercomparison Project DC -Drought Code DMC -Duff Mo
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	FAR -fraction of attributable risk FFDI -the McArthur forest fire danger index FFMC -Fine Fuel Moisture Code FIRMS -Fire Information for Resource Management System FRP -fire radiative power FWI -Fire Weather Index FWIx7day -the annual maxima in 7-day averaged FWI FWIxCD90 -the annual maxima in the number of consecutive days for which FWI is above 
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	GEV -generalized extreme value distribution 
	GEFF-ERA5 -Global ECMWF Fire Forecast model 
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	GISTEMP -the Goddard Institute for Space Studies Surface Temperature Analysis 
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	Appendix B Ethics documentation 
	Appendix B Ethics documentation 
	The following pages contain the supporting documents for the ethics process, with the reference number P97345. 
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure
	Figure

	Appendix C Co-authors declaration 
	Appendix C Co-authors declaration 
	The following page(s) contain the supporting document(s) for the co-authors’ declaration of the journal articles included in this thesis. 
	Figure
	Figure
	Figure





