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Abstract

Wildfire activity has increased in recent years in the United States, endangering both
environment and society. Appropriate management of this phenomenon is only achievable with
a thorough understanding of the critical factors influencing wildfire activity in each region. In
three essays, | use statistical and mathematical models to examine wildfires and propose
solutions to mitigate their impact on society. In the first essay, | focused on building a systematic
framework for modeling wildfire as a coupled human-natural system. | employ system dynamics
modeling, which was previously applied in various fields, including healthcare, sustainability,
and disaster mitigation. | show how, in the absence of exogenous factors such as temperature
or lightning, the human perception of fire danger may establish a feedback loop that can yield
significant trends such as fluctuation or even fluctuation with rising amplitude when linked with
the natural system. This conclusion is counter-intuitive, given that the human contribution to
wildfire is typically described in the literature using constant or semi-constant variables.
Additionally, | analyzed the impact of three important fire protection measures on reducing
burning rates (prescribed burning, enhancing immediate suppression accomplishment, and
regulating the rate of WUI growth). The research concludes that appropriately integrating
several policies can result in a synergistic effect that is greater than the sum of the effects of the
individual policies. The second essay calibrates the model built in the first essay and examines
wildfire trends across the contiguous United States. The simulation results closely match the
real data, and the model serves as a foundation for data-driven policy research. To be more
precise, | fit the model to each state separately and then compare the model's goodness of fit.
Following that, | examine the influence of various policies and scenarios on wildfire behavior. In
the scenario, | examine the effect of maintaining constant temperatures and precipitation levels
relative to the average values for these variables over the last century. For the policy analysis, |
examine the influence of three policies on each state (prescribed burning, increasing immediate
suppression achievement, and regulating the rate of WUI development). Here, | provide state-
specific suggestions about the primary factors that contribute to wildfires and the most effective
policies for each state. In the third essay, | have implemented the Oregon wildfire history
dataset and integrated it with two other aerial datasets, including meteorological data gathered
by weather stations located around the state and counties. Then, using hierarchical modeling on
over 10,000 wildfire ignitions, | developed a classification system for determining if a given fire
has the potential to grow major or not. However, utilizing a huge dataset and a variety of
resources presents several obstacles, such as the presence of missing data. | imputed the
missing numbers using a sophisticated mathematical approach called "Predictive Mean
Matching".
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General Audience Abstract

Wildfire activity has increased in recent decades in the United States, which put many people in danger.
Climate change, the Settlement of people in the Wildland Urban Interface, and an increase in vegetation
density each play a role in this increase. In this dissertation, we discuss the wildfire in the United States in
three essays. In the first essay, we develop a mathematical model to show how humans and nature affect
wildfire activity in any area. We then test different major wildfire management policies on the hypothetical
situation to compare the outcome of these policies together. In the second essay, we use the model
developed in the essay (with some minor changes) to model the wildfire activity in 11 states of the U.S.
which has the most wildfire activity in recent years. First, we show that our model can replicate the wildfire
activity in each state. Second, we test the effect of wildfire mitigation policies on each state. This essay
proposes state-specific policy recommendations based on the main reasons for the increase in wildfire
activity in each state. Finally, in the third essay, we develop a statistical model to predict the existence of
large wildfires in the next month in Oregon counties. We use climate, land, and fire history data to
develop a warning system. Policymakers can use this system to move the fire suppression resources to
counties with a high probability of experiencing large wildfires over the next month. Finally, all essays aim
to enhance our understanding of the reasons for the increase in wildfire activity in recent years and

suggest finding the appropriate way to deal with this change to reduce the effect of wildfire on human life.
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Chapter 1: Introduction

The recent increase in wildfire activity in the United States, as well as the monetary and human
cost associated with it, has sparked public interest in determining the fundamental factors that
influence this phenomenon (Westerling et al., 2003; Malamud et al., 2005; Burke et al., 2021). In
2020, more than 52000 wildfires occurred in the United States that have burned 8,889,297
acres nationwide, almost double the burning rate in 2019 and 2.3 million acres more than the
10-years average. Furthermore, the size of wildfires is also increasing as in 2010 California
experienced five out of six of its largest wildfires since 1932 in 2020 (Philantropy, 2020). The
problem is not limited to the United States: wildfire is a global challenge affecting different
regions all around the world, with recent catastrophic events in countries such as Australia,
Brazil, Greece, Algeria, France, Turkey, and Indonesial. Given the trends, the problem of
wildfires and their increasing catastrophic consequences are of immense policy relevance. This
dissertation is a response to this growing global and regional concern.

Our objective in this dissertation is to provide a systematic understanding of wildfire as a
complex phenomenon, and contribute to the literatures of wildfire management, as well as
modeling complex systems. In past studies, three primary elements are believed to be the most
significant drivers in the growth of wildfire activities (Westerling, 2016; Nagy et al., 2018; Steel et
al., 2015). First, warmer climate, particularly in the western United States, is one significant
mechanism being studied as a potential cause of this increase. For example, one study shows
that the warmer spring and summer months are the reason that wildfire activity has increased in
the western United States (Westerling et al., 2006). On the other hand, several research studies
focus on the human role in wildfires. For example, recent decades of development of the
Wildland Urban Interface (WUI), the place that was part of the forest and now occupied by
housing units, led to an increase in the number of human ignitions and introduced fire to places
where naturally fire rarely happened (Radeloff et al., 2018). Considering that humans are
responsible for 84% of wildfire ignition nationwide, this is also an important factor to examine
(Balch et al., 2017). The third group of factors focuses on the change in vegetation density in
US forests, which may be the legacy of fire suppression policies implemented over the last
century (Johnson et al., 2001). Hence, there is no unanimous consent among researchers on
what is the key driving factor of the current wildfire increase.

Our research approach is quantitative, and based on system dynamics modeling, simulation,
and statistical analysis. Dynamic modelers have contributed to understanding the causes and
consequences of wildfire, policy analysis to mitigate such events or associated costs, as well as
developing predictive tools. We can classify wildfire modeling into two types based on their
desired purpose. Tablel.1 shows these categories, which are short-term and long-term wildfire
modeling. First, there is strong literature about predictive modeling (Dennison et al., 2006;
Mandel et al., 2011). Several studies look into the topological, fuel, and meteorological factors to
predict the behavior of an ongoing wildfire (Lamorlette et al., 2018). This information can help
authorities take necessary actions, including evacuation orders, and redefine the firefighter's
approach. Furthermore, a substantial body of literature examines wildfire management from a
larger perspective, including multiple stakeholders and decision-making under time pressure
(Steelman and Kunkel, 2004). For example, one study examined 21 large wildfires in the
Midwest United States and found out that almost half of the post incidents networks have

1 https://www.aljazeera.com/news
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different important actors compared to pre-incident ones, generating potential for delay or even
disconnection in the flow of the information during a wildfire (Faas et al., 2017).

On the other hand, another type of modeling aims to predict important variables contributing to
wildfire (Balch et al., 2017; Fischer et al., 2016). The main role of these models is to understand
factors shaping wildfire behavior for any region. These broad categories of research fall into two
branches. First, there is a research about likelihood of fire ignition in different regions. Similarly,
some research focuses on estimating the number of potential fires in a specific time period. The
Santa ana index is developed to predict the ignition of any significant wildfire in the next six days

(Rolinski et al., 2016; Kochanski et al., 2013). Additionally, other researches focus on the
magnitude of the fire, which is important in case of estimating the wildfire cost to the
communities (Westerling et al., 2006). Several studies suggest that environmental and
socioeconomic factors play an important role in the burning rate, especially in the wildland-
urban interface (Mercer and Prestemon, 2005; de Torres Curth et al., 2012).

Table 1.1- The classification of wildfire modeling based on the purpose of the study

Wildfire modeling

Long term

Short term

Spatial prediction

Information and command system

Burning rate

Wildfire ignition

e (Dennison et al.,
2006)

e (Mandel et al.,
2011)

e (Kochanski et al.,
2013; Nagy et
al., 2018; Steel
et al., 2015)

e (Lamorlette et
al., 2015; Steel
et al., 2015)

e (El Houssami et
al., 2016)

e (Lamorlette et
al., 2018)

e (El Houssami et
al., 2018)

e (Finney, 1998)

e (Cutter et al., 2000)

e (Steelman and Kunkel, 2004)

e (Kapucu, 2005; Nagy et al.,
2018; Steel et al., 2015)

e (Kapucu, 2008a; Nagy et al.,
2018; Steel et al., 2015)

e (Kapucu, 2008b; Steel et al.,
2015)

¢ (Kapucu etal., 2010; Steel et
al., 2015)

e (Steelman and McCaffrey,
2013)

e (Aietal., 2016; Kochanski et
al., 2013)

e (Nowell et al., 2018; de Torres
Curth et al., 2012)

e (Comfort et al., 2020)

(Riafio et al., 2002)
(Yebra etal., 2013;
Nagy et al., 2018; Steel
et al., 2015)

(Haas et al., 2013)
(Dennison et al., 2014;
Steel et al., 2015)
(Calkin et al., 2015)
(Pimont et al., 2016)
(McWethy et al., 2017;
Kochanski et al., 2013)

e (Schoennagel
etal., 2017)

e (Santamaria
et al., 2015)

e (Nagyetal.,
2018)

o (Keeley and
Syphard,
2018)

e (Romero-
Calcerrada et
al., 2008)

e (Syphard and
Keeley, 2015)

While the role of humans in a wildfire is evident in different regions, the literature lacks an in-
depth examination of wildfire as outcome of human and nature interactions. Our main
contribution in this dissertation stems from merging the natural and human sides of the
problem of wildfire. Looking at wildfire as an outcome of a coupled human-natural system is the
main novelty of this dissertation. Although it is not common in studies of wildfire, we are not the
first to take this systematic approach. Recently, more attention is being paid to establishing
wildfire as a coupled human-natural system (CHNS) (Fischer et al., 2016). This new approach
implies that wildfire, which has been viewed as a natural event for centuries, should be viewed
as a result of natural and human interaction (Kline et al., 2017). Tablel.1 illustrates the
interaction of these two key systems, human and natural, and how they affect each other. This



figure serves as a foundation for demonstrating how human and environmental systems both
influence and are influenced by wildfires. For example, people alter the vegetation's dynamic
through dwelling expansion and fire suppression, by removing trees or preventing fires from
burning naturally (Carleton and MacLELLAN, 1994; Theobald and Romme, 2007). On the other
side, vegetation dynamic influences humans' perceptions of wildfire risk since humans perceive
the dry and dense vegetation as a sign of possible high wildfire risk. We believe that modeling
wildfires must incorporate these principles in order to have a full understanding of this

phenomenon.
Risk perception
Human properties

Human systems

Natural system
behavioral dynamics

U/
S

Figure 1.1- Wildfire as an outcome of a coupled human-natural system (adapted from
https://www.nsf.gov/pubs/2018/nsf18503/nsf18503.htm and adjusted for the case of wildfires).

vegetation dynamics

Human ignition
Vulnerability

This dissertation is structured around multiple essays. We examine and develop this theoretical
foundation in a three-essay dissertation that includes various dynamic modeling and statistical
techniques. The overview of my essays are as follows: the first paper aims to develop a
systematic theoretical model that shows the human and natural systems' coupling effect in
shaping wildfire behavior. | used the system dynamics approach to develop a model that
endogenously show how humans’ perception of wildfire risk and change in their activities,
accordingly, can be source of fluctuation in the wildfire ignition and total burning rate. The result
of the paper is a general analytic tool to model wildfire activity. | test four wildfire mitigation
policies and compare their effects on several outcome measures such as burning rate. In the
second essay of my dissertation, | used the model from the first essay (with minor changes to
include exogenous factors) to replicate the wildfire activity in the states of the conterminous
United States. | checked the role of humans, vegetation, and climate on wildfire activity on each
state and offered state-specific policy recommendations. The model is calibrated to data from
11 states of the United States. In the third essay, | used hierarchical regression modeling to
develop a warning system to predict the probability of an ignition becoming a large wildfire
(burning larger than 500 acres). County-level data from Oregon were used for this analysis.

These three essays are related to each other and have provided insights into designing and
investigating the next study or validating a previous one. Altogether, and as a whole, this
dissertation provides a novel theoretical and empirical approach to analyzing wildfire

3


https://www.nsf.gov/pubs/2018/nsf18503/nsf18503.htm

where human factors are coupled with natural factors forming feedback loops. Thisis a
major step towards not only looking at wildfire as a complex coupled system problem but also
changing our perspectives about other major environmental challenges.

Details of contributions of the three essays
Essay 1

In the first study, | focused on developing a systematic framework for modeling wildfire as a
coupled human-natural system. | use system dynamics modeling approach (Richardson 1991,
Sterman 2000), which previously used for systematic modeling in different domains including
healthcare, sustainability and disaster mitigation (Deegan 2007, Stave 2010). | demonstrate
how, in the absence of any exogenous variables like temperature or lightning, the human
perception of the risk of fire can create a feedback loop that, when coupled with the natural
system, can generate important trends such as fluctuation or even fluctuation with increasing
amplitude. This result is counter-intuitive since the human role is usually modeled with constant
or semi-constant variables in the literature (de Torres Curth et al., 2012; Romero-Calcerrada et
al., 2010). Additionally, | evaluated the effectiveness of three critical fire prevention policies
(prescribed burning, improving the immediate suppression achievement, and controlling the
WUI development rate) on burning rate reduction. The conclusion of this research is that
properly combining numerous policies may leads in a synergistic effect, which is superior to the
sum of the effect of separate policies.

This study made several contributions to wildfire modeling. To begin, it sheds new light on the
relationship between human and ecological mechanisms that influence wildfire behavior.
Understanding the factors contributing to wildfire behavior may aid in a more effective response
to a wildfire outbreak. Many studies have focused on a single side of the wildfire. However, we
consider both human and natural systems. In addition, this study answers the question of how
the same people can have different reactions to the wildfire and ignite different numbers of fires
in the short term, even though none of the factors are mainly considered in the literature to
model human role change. Broader impacts of this study are related to its contribution to policy
debates around understanding complex socio-environmental systems and saving natural
resources (Davis et al. 2020) and providing another example of dynamic and predictive
modeling of complex human systems for policy analysis (Ebrahimvandi 2020; Andalib 2018;
Azadeh Fard 2016).

Essay 2

An outcome of the first essay is a system dynamics model to examine the effectiveness of
different policies on wildfire behavior. In this essay, | calibrate the model to examine wildfire
patterns for different states of the conterminous United States. The simulation results fairly
replicate the data, and the model works as a platform for data-informed policy analysis.
Specifically, we first fit the model to each state and then compare the model's goodness of fit.
We then check the effect of policies and scenarios on wildfire behavior. In the case of the
scenario, we test the effect of not having a change in temperature and precipitation compared to
the average value of these variables in the past century. For the policy analysis, we test the
effect of four policies (prescribed burning, clear-cutting, improving the immediate suppression
achievement, and controlling the WUI development rate) for each state. Here we can provide
state-specific recommendations on the main driving forces of wildfire and the most effective
policy for each state.



Methodologically, this study provides another example of taking a model that represents a
family of a problem and calibrating it with a range of contexts. Techniques of model calibration
have been a major topic in modeling communities, including the system dynamics community
(Rahmandad and Spiteri 2015; Hosseinichimeh et al. 2016), and this study provides an example
of using simple calibration techniques for model examination.

Essay 3

In the third paper, we ask: Can the same population with the same wildfire history in the area
react differently to future wildfire? If yes, what factors change people's contribution to wildfire.
The objective of the study is to increase the understanding of the human role in wildfire by
implementing real-world data.

The need to improve the modeling approaches in CHNS is accentuated in wildfire pathology
(Fischer et al., 2016). Past studies lack to consider the human role for several reasons. First,
research shows that socioeconomic variables can be used as a proxy for modeling the
community's total perception of fire risk, which is the determining factor in human ignition
(Fischer et al., 2016). However, these factors seem to change slowly, whereas human ignition
changes monthly. Furthermore, many studies solve the problem by modeling annual wildfires.
While these results can be helpful for general comparison between regions in case of fire risk,
they do not assist authorities in allocating resources to high-profile areas.

Wildfire modeling literature will benefit from this study's unique approaches in several ways.
Using the latest data science approaches, | examined wildfire history in Oregon from 1992 to
2015 to better understand how environmental and socioeconomic factors influence the
likelihood of big wildfires if ignition occurs. Furthermore, a model that provides a monthly
probability map for each county in Oregon may be utilized as a warning system. The choice of
counties as the base for spatial scale is twofold. First, it is the smallest jurisdiction that the
government collects socioeconomic information. Second, we want to prevent the complexity of
multi-jurisdictional disaster management and assume each county has a consistent wildfire
management strategy (Nowell, Steelman et al. 2018, Steelman, Nowell et al. 2021). Using this
technique, authorities may allocate firefighting resources to the most at-risk areas each month.
Previous studies which develop annual wildfire risk hinder fast preparation for wildfire. In
addition, the study develops a white-box hierarchical regression model with comparative
accuracy to state-of-the art black-box ML approaches (Deep Learning, Extreme Graduate
Boosting, Random Forest, etc.) that lack transparency and accountability. The developed model
can show the importance of all variables and interactive terms. Finally, | consider the interaction
between socioeconomic and environmental variables to fill the gap in the literature (modeling
the human role with slow-changing variables). It is important to consider the interactions
because it enhances the model's capability in capturing complex relationships. Combining ML
with big data can increase our understanding of wildfire factors, as it enables us to check
interactions between the environment and socioeconomic factors.

In this study, | obtained the Oregon wildfire history dataset and combined it with two other aerial
datasets, the meteorological data sets collected by weather stations across the state and
counties. | then applied hierarchical modeling on more than 10,000 wildfire ignitions to develop
a classification algorithm for detecting the possibility of a given fire become large or not.
However, using a large dataset and different resources has some challenges, like existence of
the missing data. | applied one of the advanced mathematical techniques called "Predictive
Mean Matching" to impute the missing values.
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A Cyclical Wildfire Pattern as the Outcome of a Coupled Human-
natural System

Abstract: Over the past decades, wildfire has imposed a considerable cost on natural
resources and human lives. In many regions, annual wildfire trends show puzzling oscillatory
patterns with increasing amplitudes for burned areas over time. This paper aims to examine the
potential causes of such patterns by developing and examining a dynamic simulation model that
represents interconnected social and natural dynamics in a coupled system. We develop a
generic dynamic model and, based on simulation results, postulate that the interconnection
between human and natural subsystems is a source of the observed cyclical patterns in
wildfires in which risk perception regulates activities that can result in more fire and
development of vulnerable properties. Our simulation-based policy analysis points to a non-
linear characteristic of the system which rise due to the interconnections between the human
side and natural side of the system. This has a major policy implication: in contrast to studies
that look for the most effective policy to contain wildfires, we show that a long-term solution is
not a single action but is a combination of multiple actions that simultaneously target both
human and natural sides of the system.

1. Introduction

Wildfire is endangering human life, natural resources, forest conservation, and wildlife 1.
According to the National Interagency Fire Center, in 2020, more than 52,000 wildfire incidents
in the U.S. burned about 9 million acres *. In California alone, it was estimated that about 30
people died due to wildfires during the first 9 months of 2020 °. In addition, the tragic 2018
Camp Fire incident of Paradise, California, arguably the most destructive and deadliest wildfire
in California’s history, resulted in at least 85 civilian fatalities and burned over 150,000 acres,
destroying more than 18,000 structures °. Given the trends, the problem of wildfires and their
increasing catastrophic consequences are of immense policy relevance.

Understanding and predicting the occurrence of wildfires is vital for taking proper policy actions
to mitigate the risks and minimize associated consequences "1°. An examination of historical
trends of wildfires reveals puzzling cyclical patterns in fire incidences, with increasing amplitude
for the consequences of fire in many areas around the globe, including the U.S. As Figure 2.1
shows, in the U.S., we have experienced an overall increasing trend of the burn rate due to
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wildfire, with periodic fluctuations. Interestingly, although the overall pattern of the number of
fires does not follow the burn rate trend, it does show periodic oscillations. Finding the drivers of
such patterns is an area of concern for natural scientists, policy researchers, and policymakers.
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Figure 2.1. Wildfire in the U.S.1983-2018 (data from www.nifc.gov).

Wildfires start with initial fire ignitions, which can be caused by nature through lightning or
through reckless human behavior. The occurrence of natural fires through lightning depends on
weather conditions and shows a seasonal pattern 1. Human-caused ignition, on the other hand,
can also cause large-scale fires. In fact, in the U.S., human-ignited wildfires account for
approximately 84% of wildfires nationwide 2. Factors such as abandoned campfires, arson, and
fireworks can lead to human-ignited fires 1*°. Humans also indirectly contribute to wildfire
through activities that worsen climate change 1. The release of greenhouse gases into the
atmosphere, including carbon dioxide and methane, contributes to higher temperatures *’. A
warmer climate leads to drier vegetation in forests and increases the risk of massive wildfires 8.
Furthermore, deforestation for land development reduces the ability of the forest to absorb
greenhouse gases, which ultimately causes a further increase in temperature 12,

Despite the importance of direct human and natural contributions to wildfire, the focus of most
past modeling studies has been solely on one of these two categories of causation. Touboul
and colleagues developed simulation models of dynamic interactions among different kinds of
vegetation such as grass and forest trees. They showed that for a wide range of scenarios, the
composition of vegetation can oscillate over time ?*. Such models that focus on natural-system
dynamics can explain long-term oscillatory patterns that emerge due to forest recovery delays
after a wildfire. On human contributions, several statistical models have pointed to a correlation
between human settlement in the wildland-urban interface (WUI) and fire activity 224, In these
models, human-risk perception is often an exogenous factor that affects fire. We understand
that both natural and human sides of the problem are important. In fact, it has been argued for a
long time that accounting for dynamic connections between social and ecological systems is
essential in developing sustainable environmental policies %. Therefore, we hypothesize that
the interaction between natural and human systems contributes to wildfire dynamics, increasing
their complexity and mitigation challenges. To develop proper policies, attention should be paid
to both sides of the larger system and the interactions between the two. Our primary objective in
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this paper is to explore potential causes of such patterns by developing and examining a
feedback-rich dynamic simulation model that represents both social and natural dynamics in a
coupled system.

Figure 2.2 presents our study framework, which is in line with a body of the ecological literature
that examines a family of phenomena referred to as coupled human-natural systems (This area
has been a major area of investigation at the U.S. National Science Foundation). The
framework includes dynamics specific to vegetation (natural systems) and human systems
(behavioral dynamics). In interaction, the two pieces are connected through the human sector
that receives information regarding recent fire cases and influences the human risk perception,
as the fire risk is influenced by the perceived information 26. Humans contribute to fire through
human-caused ignition or the development of vulnerable properties based on their risk

perception.
Risk perception
Human properties

Human systems

Natural system
behavioral dynamics

vegetation dynamics u

Human ignition
Vulnerability

Figure 2.2. Our study framework of wildfire as an outcome of a coupled human-natural system (adapted
from https://www.nsf.qov/pubs/2018/nsf18503/nsf18503.htm and adjusted for the case of wildfires).

2. Background: Models of disasters

While our focus is on the specific problem of wildfire, it is important to pause and offer a quick
review of various modeling approaches of similar natural disasters, mainly from a
methodological standpoint. There is a wide range of modeling approaches applied to natural-
disaster studies in general and wildfires in particular. Such modeling can be differentiated based
on their unit of analyses, time frames, mathematical modeling techniques, boundaries, and
specific application cases.

A large body of natural disaster models has been devoted to spatial modeling 2-?°. In a typical
spatial wildfire model, the goal is to replicate fire progression throughout different regions. Such
models are powerful in showing how, in what sequence, and the timing of different areas may
become fire susceptible. Spatial models can also take different forms depending on the
geographical units of analysis (e.g., state, county). Connection networks between different units
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can affect fire progress, and such models become more useful as they move toward modeling
network structures.

The second group of models of natural disasters includes agent-based individual-level models.
Models of evacuation often take such levels of analysis and explore the flows of individuals after
a disaster %21, In the wildfire context, with a focus on fire progression, agent-based models may
consider vegetation units as agents. Such models would lead to a spatial model of interacting
elements that depict endogenous fire propagation from one unit of vegetation to another.
Rahmandad and Sterman (2008) stressed that in many contexts, detailed agent-based models
may not go beyond what one could learn from an aggregate differential-equation model,
especially when the heterogeneities across the agents are limited and connection networks are
symmetrical and almost complete.

On the other side, aggregate natural disaster models exist in which vegetation is often modeled
with a few major variables but no regional details. As compartmental models, these often
include differential equations and formulate vegetation flows and aging of trees in a dynamic
framework. Within aggregate models, the extent to which variables are treated as endogenous
variables (that is, they respond to changes in state variables) is a significant factor for
differentiating. Simon Levin and colleagues 2323 offered different variations of aggregate,
differential-equation models of vegetation. An interesting outcome of such models from a
complex-systems point of view is the depiction of bifurcation that the model’s outcomes
substantially change from a steady-state to a goal-seeking or s-shaped behavior, or even long-
term oscillations for different ranges of parameter values.

Within the system dynamics community, there is also a rich body of literature of modeling
environmental problems 253435, Michael Deegan has conducted methodologically relevant work
% in a slightly different natural-disaster setting. In his system dynamics Ph.D. dissertation,
Deegan (2007) modeled flood- damage dynamics in a typical flood-prone community,
considering long-term community reactions to recent floods and related damages. Deegan
focused on hypothetical flood cases, intending to show how seemingly similar external events
(here, major rain) can cause different damage levels depending on the community’s reactions
and investment in vulnerable properties. What differentiates his work from others is that
Deegan’s model is feedback-rich, and dynamic outcomes are created within the model rather
than by an external time series. George Richardson, in his reflections on the foundations of
system dynamics ¥/, argued that a powerful model is differentiated by its endogenous
perspective to complex problems. He brings up Deegan’s work as a powerful example and
writes, “Deegan's (2007) extensive analysis suggests ... an endogenous view of the dynamics
of flood damage that takes account of the human role in creating property vulnerable to flood
damage... [Deegan's model] traces the dynamics of vulnerability to the interacting actions of the
capacity of the local environment to withstand floods, development pressure, property tax
needs, perceived risks of development, moral hazard, policy entrepreneurs, and other people
pressures” (Richardson 2011, p.234). In some respects, our approach to modeling wildfires
resonates with Deegan's flood mitigation work by looking at vulnerability as an endogenous
property of the system affected by human risk perception.

What makes these aggregate models powerful is that they are relatively small (have fewer
equations), and when the details are removed, they turn the focus on system responses and
feedback loops without losing many systems-level insights . Modelers can also better
communicate insights from small models with stakeholders *. It is important to note that small,
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powerful models are not easy to build, and they are often the result of many rounds of complex
and detailed modeling “°, which has also been the case in our study. Given our problem scope,
we follow the same modeling approach.

3. Model structure and key formulations

Different models use varying terms to represent vegetation heterogeneities in a forest area. For
the purposes of parsimony, our model represents the entire forest area by three simple stock
variables of areas occupied by strong vegetation (S), occupied by flammable vegetation (F),
and empty areas (E), all of which are shown as stock variables in Figure 2.3 (variables in
boxes). Strong vegetation is often resistant to fire and only large-scale fires can burn them.
Highly flammable vegetation includes damaged or any vegetation that can burn fast (including
grass). This type of vegetation can burn quickly, and lightning or human ignition often affects
flammable vegetation first. Burning can cause fire propagation to strong vegetation. Empty
areas lack any vegetation. The sum of these stocks is constant. While our figure is a simple
representation of forest areas, the logic is consistent with studies that have offered more detalil
on vegetation types.
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Figure 2.3. A stock-flow diagram of vegetation.

In this model, loops B1 and B2 represent the deterioration of strong and flammable vegetation
through fire. As stated, fire can increase the vulnerability of strong vegetation by burning the
surrounding area and making it more susceptible to fire. This mechanism is shown by loops R1
(burning of flammable vegetation further increases flammable vegetation) and B3 (burning of
strong vegetation makes other strong vegetation vulnerable to fire).

We can represent the relation between the stock variables by the following differential
equations.
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where ys and yr are the fractional burning rate of strong and flammable vegetation, respectively;
a is the rate of making strong vegetation to flammable; 7, is the average time for flammable
vegetation to become strong; and t, is the average time for the empty space to grow flammable
vegetation, where often 7, << t;. Thus, the total burn rate from both types of vegetation (B) is
B =ypF +ysS . 4

In this equation, yr, the rate at which flammable vegetation is burned is a function of the total of
human and natural ignitions. However, ys, the fractional burning rate of strong vegetation,
depends on the burning rate of flammable vegetation and happens when fire propagates in the
forest—i.e., ys = f(ypF). We formulate f using a sigmoid function (Table 2.1). Furthermore, «,
the rate of becoming flammable for strong vegetation as a result of fire is « = 0B where ¢ is the
burning effect on vulnerability.

Generally, the public attitude towards making risky decisions is influenced by their level of risk
perception. In the case of wildfire, there is a wide range of evidence that people's attention to
the problem and possibly the associated risk perception has changed over time. Figure 2.4
depicts the frequency of Google searches for the word "wildfire" in the U.S. The trends are
oscillatory, and there is a 0.4 correlation between search and area burned from 2004 to 2018.
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Figure 2.4. Google search trend for "wildfire" in the U.S. and its correlation with annual burned area.

There is a body of research focused on how the perception of wildfire risk is associated with
mitigation actions “**4. A study of a fire-prone area in Colorado revealed that a single extreme
wildfire does not significantly impact risk perception “3. Furthermore, evidence on people's fire-
risk perception shows that any change in fire risk perception does not last more than a couple of
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years *. We construct the effect of risk perception on human actions based on the
abovementioned research with two important characteristics. First, the overall wildfire activity in
recent years shapes people’s fire risk perception; second, the effect of wildfire on people’s
perception vanishes as time pass.

We include two major mechanisms to depict the effects of change in risk perception as shown in
Figure 2.5. The loop B4, complacency, represents the human contribution to fire through
reckless behaviors, which can cause fire ignition. Loop B5, vulnerable properties, represents
property building in forest areas. Such properties increase human interaction with the natural
environment and the likelihood of human-made ignition. We also consider the fact that such
properties might be targets of fire themselves, loop B6.

In this model risk perception, B is formulated as a §,-year lagged variable of burn rate (B),
assuming there is no systematic bias in risk perception. Total ignition of I includes human-
caused ignition (Iy) and natural ignition due to lightening (Iy), with the latter assumed as
constant in our model. Human-caused ignition increases by human settlements in the area and

is inversely related to their risk perception. Assuming human settlements are represented by
vulnerable properties, V, we formulate I as I;(V, B) where %’ > 0 and %’ < 0. For the
purposes of parsimony, we formulate effect B on I, using a linear function (see the Appendix).

Although Martin et al. %2 discussed how different stakeholders (including insurance companies
and federal agencies) could increase the sensitivity of humans to risk perception, they did not
provide any quantitative estimation of this value.

Finally, vulnerable properties, V, which can change over time is formulated as

dv
VOB —p) 5)
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Figure 2.5. The human subsystem as connected to the natural subsystem (grey),

The term, 6E,; represents property development and is assumed to be proportional to the
current properties and negatively affected by risk perception. The term pV represents the
demolition of properties. Demolition in our model is mainly due to the fire, that is, p = p(B).

4. Parameter values

The introduced model is generic and can be simulated for a wide range of parameter values.
Table 2.1 reports parameter values used for base run simulations. Some of the values are
consistent with the literature, while others are selected to examine variation conditions in
different forestry settings.

Table 2.1. Parameter Values for a Base Run Simulation

Parameter Value Unit
T, 2 year
T, 10 year
o 0.5 year
S Initial value: 0.5 Million acres
F Initial value: 0.4 Million acres
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E Initial value: 0.1 Million acres
Ys 0.8+ (1+ e—S*(yle—l))_l llyear

n 0.1 Million acres
Iy 0.5 scalar

Iy Initial value: 0.3 scalar

Vv Initial value: 0.4 Million acres
o 0.05 1/Million acres

Our simulation experiments include a base run simulation and a range of policy and scenario
tests as listed in Table 2.2. The table also provides details on how each test is implemented in
our analysis. Specifically, we analyze the linkage between natural dynamics and human
perception and its consequences on fire development by changing the sensitivity of risk
perception to the burn rate (Test T2). We then examine the effects of three different policies:
limiting the development of vulnerable properties (P1), prescribed and controlled burning of
flammable vegetation (P2), and effective firefighting that limits penetration of fire from flammable
vegetation to strong vegetation (P3).

Table 2.2. Simulation Experiments

Simulation tests Operationalization

T1: Base run Parameter values in table 2.1 are used for this scenario.
T2: Coupling Sensitivity of risk perception to burn rate is changed by changing risk perception
effect delay from 1 year (base run) to

e 0.5 year (T2a: higher sensitivity),

e 2 years (T2b: lower sensitivity), and

e 100 years (T2c: least sensitivity — almost disjointed systems).
Three policies are tested.

e P1: Limit vulnerable property development.

e P2: Prescribed burning.

o P3: Effective firefighting.
P1 is implemented by making vulnerable property development smaller than 1%.
P2 is implemented by adding outflow from flammable vegetation to an empty area
with the value of wF, where w is the percent of prescribed burning set at 0.2/year.
P3 is implemented by changing ys to 10% of its current value.

T3: Policy tests

5. Simulation results

5.1. Base run simulation

Figure 2.6 shows the results of the base run simulation. In this scenario, strong vegetation
declines over time, while the empty area and flammable vegetation have increasing trends. As
such, more fuel would be available for burning, and the wildfire can burn broader areas. Panel
(a) shows an oscillatory trend for the burn rate with an average upward trend. The observed
pattern in the burn rate can be traced back to the patterns of human ignition (Panel b), and the
growing trend of vulnerable properties (Panel c). In addition, the results show the long-term
declining trend of strong vegetation in our base line simulation (Panel d); over time, stronger
vegetation is replaced by flammable vegetation which can lead to more fire. This change in
vegetation composition effectively increases the average burn rate. Over time, with more
flammable vegetation and with the expansion of vulnerable properties, the likelihood of human-
made ignition increases.
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Figure 2.6. Base run simulation for a 20-year run of the model.

5.2. Coupling effects

Figure 2.7 shows how the relation between perceived fire risk and the burn rate influences the
system. The black line is the base run simulation for comparison. The blue dashed line depicts
the condition in which risk perception changes extremely slowly, and the human system is
almost disconnected from the natural system. In this situation, if humans underestimate the fire
potential, the system burns down nature, resulting in a catastrophic environmental outcome as
depicted in panel (a). Panel (a) shows that the burn rate overshoots in the short term but
relatively declines due to lower natural resources to burn.

Panel (b) displays the total burn rate throughout the study time to cast further insight into the
burn rate sensitivity to perceived risk. The overall burn rate does not significantly change when
the risk perception changes from 0.5 to 2, indicating the difference among burn rates in panel
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(a) is more about the fluctuation timing, but not the size. However, an additional rise in the
sense of risk greatly raises the overall burn rate, as seen in panel (a).

In the case of prolonged change in risk perception, human ignition continues to increase (panel
¢) as the perceived risk changes slowly. Furthermore, vulnerable properties are being built
faster than their demolition (panel d). A slighter delay in perception leads to a higher frequency
of oscillation as depicted in the graphs by the red dashed lines and a longer delay in a lower
frequency oscillation, as shown by the purple graphs. Overall, the results are not much different
from the base run. We are losing forests (panel e) and have periodic burn rates of increasing
magnitude over time.
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Figure 2.7. Coupling effect analysis for 20 years.

5.3. Policy experiments

Here we examine the impact of implementing three proposed policies introduced in Table 2.2.
To prevent the initial condition and transition periods affecting our comparison of proposed
policies, we impose each policy at the fifth year and compared the total burn rates between 10
and 20 years. Figure 2.8 shows the effect of these policies on different variables over time.

21



Comparing these three policies in the case of the total burn rate as shown in panel illustrates

that (b) increasing firefighting effectiveness (P3) impact is the most effective through a reduction

in the total burn rate by 9%. Prescribed burning (P2) and limiting vulnerable property
development (P1) causes a 4.5% and 4.9% reduction in the burn rate, respectively.
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Figure 2.8. Policy implementation. Note: P1: limits vulnerable property development; P2: prescribed

burning; and P3: effective firefighting.



Panels (a) and (b) show the burn rate over time. All three policies reduce the burn-rate
magnitude compared to the base run. P3 is more effective in early burning-rate reduction than
P2, but they ultimately result in similar behavior. It is worth noticing that P1 has the most effect
on long-run fluctuation reduction, although its total effect in the time span is less than P3. It
seems that firefighting is more effective in the short run, but it fails to dampen the fluctuation and
instead limits its growth. This is partly because of the increase in human ignition and settlement
due to the success of firefighting in the short run. As a result, people perceive less fire danger
and continue to engage in high-risk activities and expand housing in the WUI. The result is
further fluctuation in the burn rate even when P3 is implemented. On the other hand, the WUI
expansion limitation policy can effectively reduce the burn-rate fluctuation in a timely manner.

Change in human ignition is provided in panel (c). Different levels of human-made ignition is
observable, and the reason is that people adjust their high-risk behavior with burn rate, and not
with number of fires. In the firefighting policy as for a given level of ignition, the burn rate
declines, we observe more risky behavior and more human-made ignition. It is interesting to
note that, as panel (¢) shows we end up with more WUI under policies 2 and 3. In fact the
reason is that the firefighting and prescribed burning only affect natural sector of the model,
decrease burn rate, which decrease risk perception and in turn result in more WUI development.
On the other hand, PI directly targets WUIs.

Panel (e) displays the change in strong vegetation, which shows that P2 causes the most
reduction in forest tree cover. The reason is because burning flammable vegetation damages
young trees and prevents them from developing into solid vegetation. On the other hand, P3
has the least effect on strong vegetation by slowing the damage to young trees and confining
the fire. Panel (f) shows the flammable vegetation dynamic after imposing each policy. P3 and
P2 reduce flammable vegetation more than P1. However, there is an important difference in
how these policies cause the reduction in flammable vegetation. In comparing panels (a) and
(b), we see that while P3 causes further increases in the strong vegetation, P2 causes an
increase in the empty area.

Overall, it looks like each policy has some marginal effect on containing wildfire, though the
magnitudes of effect are not considerable.

5.4. Combination policy implementation analysis

To better understand the impacts of our policies, we run different pairs of policies
simultaneously. The results illustrate the nonlinear incremental impacts between policies.
Simply put, it appears that the impact of several policies is enforced when combined
synergistically. In other words, applying several policies might have a greater overall impact
than the sum of the policies' individual effects and suggests that policymakers should avoid
searching for a panacea and adopt a broad range of approaches thoughtfully.
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sum of the effect of policies. The figure shows the percent of burn rate reduction. Note: P1: limit
vulnerable property development; P2: prescribed burning; and P3: effective firefighting.

The results of multiple policy implementations along with single ones are presented in Figure
2.9. For example, P1 and P2 each reduce the total burn rate by 4.9% and 4.5%, respectively.
While the summation of these effects is 9.4%, simultaneously implementing P1 and P2 lead to a
13.6% burn-rate reduction—P1 controls the human ignition and P2 reduces the flammable
vegetation stock—together the burn rate is more affected than if implemented separately. The
case is more interesting when P1 and P3 are imposed together. The result is a 38% burn-rate
reduction compared to 13.9%, which is the sum of solely implementing each policy. The
synergic effect happens because P3 lets the flammable vegetation (mainly young trees) age
and become strong vegetation. Furthermore, the P1 also prevents human ignition from growing
as fast as a single P3 implementation.

An interesting case happens when P2 and P3 are implemented together. The synergic effect is
less than the sum of separate implementation, mainly because both policies affect the
vegetation dynamic and not the human factor in the wildfire. P2 and P3 both cause a lower
initial burn rate, but due to the reduction in perceived risk of wildfire and expansion of WUI, this
effect quickly disappears. This is another evidence for the importance of considering the
problem as an interconnected natural and human system, where effective policies should
address both sides.

Finally, imposing all policies together has the most impact on the total burn rate (45.7%), which
is much more than the sum of each policy's effect (18.3%). The reason relates to the
multiplicative effects of the policies when the flammable vegetation is reduced, by both
prescribed burning and allowing them to develop into strong vegetation, and the WUI expansion
is controlled decreasing human ignition. In this case, while the burn rate is reduced, P1 prevents
excess human ignition due to a lower fire risk.

24



6. Discussions and conclusion

In this paper, we developed a system dynamics model of wildfire spread in a hypothetical
scenario and simulated the effects of several important mechanisms in determining the burn
rate, fire frequency, and public risk perception of wildfire. The model included two major sectors
of the natural and human subsystem that were connected through the human contribution to
ignition and the human risk perception of fire. We simulated the model for a wide range of
scenarios that represent different levels of human sensitivity to evolving fires and a range of
policy containment measures. Our results show how humans and vegetation determine wildfire
activity, defining wildfire as a human-natural coupled system. The findings are important in their
relative changes, not their absolute values, because of the model's hypothetical assumption.

We conducted several simulation experiments with the model. The results show a wide range of
oscillatory patterns in different scenarios and policy conditions. The base run depicted the
possibility of an oscillatory outcome in human-caused ignition and an oscillatory pattern in the
burn rate with an overall increasing trend. The decrease in strong vegetation, the increase in
vulnerable property causes an increasing trend in burn rate while dynamics of human
perception affect the oscillatory pattern.

Our study contributes to the literature of modeling natural disasters and specifically wildfire
studies. We offer the first model of the coupled human-natural system of wildfire. Our study
builds on several past models of ecological dynamics 2, particularly in wildfire dynamics, %> and
extends them to include human interaction with natural systems. Our work is different from past
spatial models of wildfires. In spatial modeling of wildfires, the human effect is spatially static.
Here we show that the same population could ignite a different number of fires and affect the
wildfire behavior. Our different approach from past studies results in different outcomes as well.
For example, we point to the sources of policy resistance in containing wildfire in terms of how
risks are perceived and how properties are built adjacent to natural resources.

Our study resonates with some of the past system dynamics models of other natural disasters
3637 We take an endogenous approach to the concept of system vulnerability by considering the
human element as a part of the system which both reacts to the problem and contributes to
problem. The importance of feedback-rich modeling has previously shown its value in
sustainable environmental management, including water quality, waste management, and water
supply #°. Here we propose a similar approach for wildfire management and aim to understand
important mechanisms shaping wildfire behavior.

The study has several policy implications. We compared three policies: prescribed burning,
vulnerable property control, and firefighting effectiveness enhancement. We showed that
firefighting effectiveness is more effective in reducing the total burn rate than other proposed
policies. More importantly, we showed that simultaneously implementing policies can lead to a
synergic effect that can surpass the sum of the effect of solely implementing the same policies.
For example, while controlling development of vulnerable properties and effective firefighting
each reduce the burn rate 4.9% and 9%, respectively, performing both policies results in a 38%
burn rate reduction. Such a synergic effect points to the absence of a silver bullet in controlling
wildfires, suggesting that effective policies should target both human- and natural-sectors of the
system to maximize their effectiveness. In other words, since wildfire is an outcome of a coupled
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system that includes highly interdependent human and nature sectors, one cannot solve it by
solely focusing on one sector.
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Appendix A. Model formulation

Table A2.1. shows the full set of equations for the simulated model. In any program, these equations can
be used to build a model. Nevertheless, these are used primarily to build a model in the Vensim DSS
program. The Vensim DSS platform is an upgraded version of the Vensim PLE program that is available
free for academic purposes. The DSS edition has a handful more options including optimization and
sensitivity analysis. The model can therefore be developed using the Vensim PLE version with the
following equations. The time stage for all simulations is 0.0078125 years. The model is run for 20 years
but can be run for any other period.

Table A2.1. Complete set of model's equations, definition of parameters and units

Parameter equation and definition and

Parameter name . .
units of its parameters

t
1. Vulnerable property V= f ((8V)e™*B — pydt + I,
0

2. Indicated human ignition iy =V XEp,Xhy,

Iy =Third order delay of iy;
3. Human ignition delay duration = 6,; I;(t = 0) = 0.3

4. Burning rate B=yrF +¥sS

S=j0t<£—(a+ys)5)dt+ I

5. Strong vegetation T4

tE 1
6. Flammable vegetation F= -fo (E tas - (E +yp)F)dt + Ir
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7. Empty area

8. Vulnerable property development

9. VP depreciation

Vo =V X Epy

10. Vegetation regrowing

V—E
T_Tl

11. TurningSto F

Tsg =0 XBXS

12. Total ignition

T, = Iy+ Iy

13. Strong vegetation burning

Sbr:pXFpXS

14. Flammable vegetation burning

Yr= fr XF XT;

15. Fire propagation

—5e(YEF_
F,=08x(+e > D)1

16. Effect of BR on VP dep

Epp =B X u

17. Effect of BR on taking risk

Eye = max(w + Y X B, 0)

F
18. Developing S Dy =—
T2
19. Burning effect on vulnerability B,, =B Xo

20. Fire risk perception

B = Smooth(B, 5;)

21. Fractional development 6 =04
22. VP deterioration effect uw=0.2
23. Risk intercept w=1
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24. Risk multiplier

34. Initial empty area

25. Fractional burning rate per ignition f, =0.08
26. Average s burning p==6
27. Time to change behavior 6, =2
28. Human ignition multiplier hy,=5
29. Time to grow vegetation T =2
30. Time to develop S 7, =10
31. Time to perceive 6, =0.5
32. Initial strong vegetation S(t=0)=0.5
33. Initial flammable vegetation F(t=0) =04
E(t=0)=0.1

35. Fire propagation

YrF
ys = 0.8 (1+e > Cn D)1

40. BR multiplier

36. Normal burning n=0.1
37. Natural ignition Iy =0.5
38. Initial human ignition Iy(t=0)=0.3
39. Initial vulnerable property V(it=0)=04
o =0.05
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Simulation-based estimation of wildfire behavior across the United
States

Abstract: Wildfire in the United States has increased over the past years. Data on the burnt
area in the Western United States show an increasing trend with periodic fluctuations, especially
in recent decades. We develop a system dynamics simulation model to study the trends of
wildfires. The model is simulated and calibrated to wildfire's historical trend in states with high
wildfire activity between 1992-2015. The model is a feedback-rich endogenous one that
encompasses human contributions to fire through human ignition, affected by past fires and
vulnerable property dynamics, as well as the change of flammable vegetation over time. We
then check the effects of temperature and precipitation variation in wildfire behavior. The model
suggests that both human and global warming contributes to the US's current wildfire activity,
and the dominant drivers of wildfire are different in each state. The results provide state-specific
guidelines for policymakers to allocate their resources.

1. Introduction

Over recent decades, wildfire activity in the United States has increased substantially and has
imposed significant economic impacts on society (Westerling, Hidalgo et al. 2006, Richardson,
Champ et al. 2012). While the changes in wildfire activities vary across the country, its increase
is more dominant in the western areas (Westerling, Hidalgo et al. 2006). Figure 3.1 displays the
United States annual burned area and the annual cost of suppression from 1984-2018.
According to these figures, both variables increased substantially in this period. The
suppression cost is only one of the economic impacts of the wildfire. The indirect costs of the
wildfire include health problems from smoke exposure, the decline in tourism, death of animals
and loss of vegetation, and of course, potential human death. For example, 85 civilians died in
Campfire 2018 in California, 18804 buildings were burned, and the overall wildfire expense
assessments are about $16.5 billion. In fact, the paradise city is nearly destroyed, and after one
year of the blaze, the area is still experiencing a 90 percent population reduction. The Pacific
Gas and Electric Company (PG&E) was blamed for the fire ignition, and this company's
bankruptcy was only one of the economic effects of this catastrophe (Reyes-Velarde 2019).
Hence, the increase in direct suppression cost is only one of the economic and fatal
consequences of change in wildfire activity in recent years.
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Figure 3.1. United States annual burning rate and suppression cost 1984-2020. (a) annual
burned area; (b) annual suppression cost.

Any policy that aims to reduce the wildfire impact on society needs to proceed with a deep
understanding of the causes of wildfire activity. However, the real causes and processes are still
in doubt. Global warming and human activity are two leading candidates that experts in various
fields believe to be the main cause of current fire behavior (Westerling, Hidalgo et al. 2006,
Balch, Bradley et al. 2017). For example, Between 1984 and 2018, California's average annual
temperature increased by 1.9 Fahrenheit degree (NOAA 2020). Furthermore, the California
population also increased %49 at the same time, which corresponds to further population
settlement near wildland and a further increase in human ignitions (Syphard, Radeloff et al.
2007, Balch, Bradley et al. 2017). Hence, several studies introduce both human and global
warming as the dominant reasons for wildfire activity increase.

Human activity modifies fire regimes in two ways: To begin, there is compelling evidence that
human-caused fires have increased fire activity across the United States in recent decades
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(Syphard, Radeloff et al. 2007, Balch, Bradley et al. 2017). According to studies, human ignition
accounted for about 84 percent of all ignitions in the United States between 1992 and 2012
(Balch, Bradley et al. 2017). Second, some researchers believe that rising fire activity is mostly
due to human climate change(Abatzoglou and Williams 2016). Human activity contributes to
global warming by releasing a variety of chemicals into the atmosphere, including carbon
dioxide and methane, which are together referred to as greenhouse gases. These gases trap
heat in the atmosphere and can result in a variety of impacts, including a rise in temperature
and a decrease in precipitation (Fleming 1999). There is compelling evidence that human
climate change has increased the duration, frequency, and magnitude of fire seasons in the
western United States (Westerling, Hidalgo et al. 2006, Jolly, Cochrane et al. 2015, Abatzoglou
and Williams 2016, Westerling 2016, Williams and Abatzoglou 2016).

There is abundant evidence that temperature and wildfire activity are related through two key
pathways. First, a warmer environment results in drier forest vegetation. In the event of wildfire,
this dryness results in vegetation to burns more rapidly, hence increasing the chance of a
catastrophic wildfire.(Westerling, Hidalgo et al. 2006). Forest trees have a high moisture
content, which decreases their flammability. However, when the temperature rises, the moisture
content of forest trees decreases, making them more combustible. Second, when temperatures
rise, lightning strikes more frequently, which is the natural source of wildfire ignition in the United
States (Romps, Seeley et al. 2014). Therefore, a warmer environment results in more natural
ignition and larger wildfires as a result of changes in lightning and vegetation dryness.

Despite the importance of direct human contributions and the global rising of temperature, most
modeling studies have focused on one of these two categories of causes. On dynamics of
vegetation, Touboul developed simulation models of interaction among the grass and other
vegetations in forests (including forest trees), showing that, for a wide range of scenarios,
occupied areas of each vegetation can oscillate over time (Touboul, Staver et al. 2018). The
model helps inform natural-system dynamics. On human contributions, several statistical
models have pointed to the correlation between human settlement in the wildland-urban
interface (WUI) and fire activity (Pew and Larsen 2001, Vilar, Woolford et al. 2010, Matin,
Chitale et al. 2017). We hypothesize that the natural and human systems, in interaction, make
wildfire dynamics more complex and difficult to mitigate, and in order to develop proper policies,
attention should be made to both sides of the larger system. Our primary objective is to examine
the trends of wildfire given the importance of both human-direct contributions to fire through
causes such as human-made ignitions and dynamics of vegetation and climate change.

2. Background: Models of disasters

While our focus is on a specific problem of wildfire, it is important to pause and offer a quick
review of various modeling approaches from a methodological standpoint. There is a wide range
of modeling approaches applied to natural disasters studies in general and wildfires in
particular. They can be differentiated based on their unit of analysis, time frame, mathematical
modeling technique, the model's boundary, and specific application cases.

A large body of the natural disaster body of the literature is devoted to spatial modeling (Davis,
Wang et al. 2008, Keane, Drury et al. 2010, Finney, Grenfell et al. 2011). In a typical spatial
model of wildfire, the goal is to replicate the progression of fire throughout different regions.
Such models are powerful in showing how and in what sequence and timing different areas may
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become fire susceptible. Spatial models can also take different forms depending on the
geographical units of analysis (e.g., state, county). Connection networks between different units
can affect the fire progress, and such models become more useful as they move toward special
network connections, other than random or full connections.

The second group of models of natural disasters includes agent-based models. Often agents
are human, and in-interaction counter-intuitive dynamics should emerge. Models of evacuation
often take such levels of analysis and look into the flows of individuals after a disaster (Chen
and Zhan 2008, Yin, Murray-Tuite et al. 2014). In the wildfire context, with a focus on fire
progression, agent-based models may consider units of vegetation as agents. Given that the
interactions would limit to infection of fire from one unit of vegetation to another, such models
will quickly become spatial representations of wildfire and similar to our first category.
Rahmandad and Sterman (2008) stress the fact that in many contexts, detailed agent-based
models may not go beyond what one could learn from an aggregate differential equation model,
especially when the heterogeneities among the agents are limited, and connection networks are
symmetric and almost complete.

In a slightly different natural disaster, there is a methodologically relevant work by Deegan
(Deegan 2007). In his Ph.D. dissertation, Deegan (2007) modeled the dynamics of flood
damage in a typical flood-prone community, considering long-term reactions of the community
to recent floods and related damages. Deegan focuses on hypothetical cases of flood, with the
objective of showing how seemingly similar external events (here, major rain), can cause
different levels of damage depending on the community's reactions and investment in
vulnerable properties. What differentiates his work from others is that Deegan's model is
feedback-rich, and dynamics are arriving within the model rather than external time series. In his
reflections on foundations of system dynamics, where Richardson (Richardson 2011) argues
what differentiates a power model is its endogenous perspective to complex problems, he
brings up Deegan's work as a powerful example and writes "Deegan's (2007) extensive analysis
suggests ... an endogenous view of the dynamics of flood damage that takes account of the
human role in creating property vulnerable to flood damage... [He] traces the dynamics of
vulnerability to the interacting actions of the capacity of the local environment to withstand
floods, development pressure, property tax needs, perceived risks of development, moral
hazard, policy entrepreneurs, and other people pressures” (Richardson 2011, p.234).

What makes these aggregate models powerful is that they are relatively small (have fewer
equations), and taking away the details, they turn the focus on system responses and feedback
loops, without losing many systems-level insights (Rahmandad and Sterman 2008). Having a
small model, modelers can more easily communicate the outcomes and model structure with
stakeholders, and make impacts (Ghaffarzadegan, Lyneis et al. 2011). It is important to note
that small, powerful models are not easy to build; they are often results of many rounds of
modeling and working with more complex models with more details (Ghaffarzadegan and
Larson 2018). Given our problem scope and the focus of our work on state-level dynamics and
data, we follow the same line of the modeling approach. In contrast to some of the earlier works,
we utilize several sets of data to carefully calibrate our model and improve its relevance to the
specific problem at hand (Sterman 2018). In the next section, more details about our modeling
approach and data are offered.
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3. Method
3.1. Modeling approach

We develop a system dynamics simulation (Richardson 1991, Sterman 2000) model of wildfire
activity. The model can be applied to different contexts, while for the sake of model verification
and validation, our focus was on the past decade of wildfire in the United States. We use
historical data to estimate unknown parameters in our model and check the ability of the model
to replicate the real-world trends. In light of the model that can explain the historical data of
wildfire in recent years, we can conduct a what-if analysis and assess the role of all critical
feedbacks in the fire behavior. Moreover, we evaluate the effects of different policies and
scenarios on the wildfire extent.

The model is a feedback-rich model (Richardson 1991, Richardson 2011) with the goal of
reproducing wildfire trends endogenously. Our model boundary includes human interactions
with the natural system, vegetation dynamics, and human risk perceptions. As explained,
climate variables (such as temperature, lighting, and precipitations) are included as exogenous
variables in the model.

3.2. Data

We construct our dataset from multiple sources. The purpose of using data in our model is
twofold. First, we use historical data to validate our model and estimate the parameters.
Second, we use some data as exogenous variables and use their value directly in the model.
Spatial wildfire occurrence data is collected by the United States department of agriculture
(Short 2017). The data include 1.84 million fires with their location, cause, date, and other
important information (From our point of view, this is the complete dataset of wildfires in the
United States). The number of human ignitions, the number of natural ignitions, and the annual
burning rate are three critical variables used in the modeling. We use the number of human
ignitions and annual burning rate to calibrate our model. As stated, we use 12 month moving
average of the number of natural ignitions as an exogenous variable in our model. Furthermore,
the wildland-urban interface (WUI) area is also collected by the US department of agriculture
(Radeloff, Kramer et al. 2017). We use the WUI area to calibrate our model to ensure our model
can generate an increase in WUI area endogenously. We focus on the case of wildfire in the
states with the highest wildfire activity in our study period. Between 1992-2015, 86.63% of the
total burning rate in the conterminous United States happened in the following states: California
(CA), (Colorado) CO, Idaho (ID), Montana (MT), New Mexico (NM), Nevada (NV), Oregon (OR),
Utah (UT), Washington (WA) Wyoming (WY). For the rest of the paper, we aim to model the
wildfire activity in these states.

The other essential data are climatic information. We consider two climatic variables for
modeling the effect of climate on the model results: temperature and precipitation. These two
variables affect wildfire behavior in different ways. Precipitation impedes the vegetation
regrowing and decreases their dryness, while the fire season's temperature affects vegetation
dryness (Westerling, Hidalgo et al. 2006). We consider 12 months moving average of
temperature and precipitation to consider the climate effect in the model (data provide in
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Appendix D). Statewide temperature and precipitation were obtained from the national oceanic
and atmospheric administration (NOAA)2.

3.3. Model sectors and key formulation

This study is built on a model proposed in my first essay (Farkhondehmaal, F., Ghaffarzadegan,
N. 2022). The detailed formulation of all equations and the explanation for each variable are
provided in Appendix B. Here we explain different model sectors and discuss how they are
related to each other. The model includes two sectors, vegetation dynamic and human role in
the wildfire.

Our model is based on both ecological and anthropogenic parts. We built on a simplified version
of a dynamic model of savanna landscapes developed by Troublous et al. (Touboul, Staver et
al. 2018). Figure 3.2 shows the main vegetation stock-flow structure of our model. Our model
divides the forest area into three areas occupied by strong vegetation (S), occupied by
flammable vegetation (F), and empty area, which are shown as stock variables in the figure
(variables in boxes). Highly flammable vegetation includes damaged vegetation and any
vegetation that can burn fast (including grass). These vegetations can burn quickly and
distribute the fire.

Furthermore, the remaining damaged vegetation from previous fires is also considered in this
category due to its dryness and high flammability. We assume that the empty area first fills with
highly flammable vegetation (with a short lifespan) and then can be occupied with a forest tree.
This logic is consistent with the previous studies of the interplay of forest trees and grass in
forests (Touboul, Staver et al. 2018).
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Figure 3.2. A stock-flow diagram of the vegetation section of the model

2 https://www.ncdc.noaa.gov
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As shown in the figure, there are different inflows and outflows between strong and flammable
vegetation. Flammable vegetation is the primary vegetation type that can be burned in a wildfire.
If the wildfire size exceeds specific criteria, then the fire is big enough to burn strong vegetation.
Furthermore, strong vegetation can turn to flammable vegetation and become susceptible to the
fire by proximity to wildfire heat and smoke. Wildfire damage vegetations and make them prone
to burning in case of future fires. The empty area first fills with flammable vegetation by the
natural aging chain process, and then it grows and converts to strong vegetation.

The fire burns the flammable vegetation, which causes less flammable vegetation for future fires
since it takes a time (Dy) for the empty areas to be filled with vegetation. Hence, this loop also
limits the available fuel for fires and causes a decrease in the burn area in the future. There are
also two natural conversions in the vegetation stocks. Burned area changes to flammable
vegetation over time due to the growth of new vegetation in it. Furthermore, flammable
vegetation also changes to strong vegetation as they grow. We consider that the empty areas
will be first filled with grass (which is flammable vegetation), and then the grass will substitute
with forest trees that are more resilient to burn. The structure shown in figure 3.2 is
mathematically equivalent to the following equations:

t
F=f (Fi+So—FO—Si)dt+IFXf
0

t
szf (S;i— S, +Sp)dt + Is X f
0

where F;, F, are vegetation regrowing and flammable burning rate, S;,S,, S, are developing
strong vegetation, turning S to F and strong vegetation burning, respectively.

Another major sector of the paper is the human sub-system which includes the human
perception of risks and their associated behavior. As shown in figure 3.3, this section is
connected to the vegetation sub-system. BR perceived is what connects burning to the human
sector. It is defined as a dimensionless attribute that is influenced by the annual area burned
(B,-People's perception is expected to change depending on changes in burning rate. In turn, it
is the driving force of their actions. In other words, the more they consider the chance of wildfire,
the less they set fires by reducing their high-risk actions. Such high-risk activities specify the
annual human ignition in our model. And the human ignition directly contributes to the annual
fire area, closing a feedback loop. This balancing mechanism is one of the driving forces behind
the reduction of the area burned because of the rise in wildfire activity. In having a high burn
area, people see a greater risk of fire in the years ahead, and this change in their perception
triggers a reduction in future burns due to a decrease in risky human activities. This loop is often
ignored in past studies. To formulate, we consider simple linear regression to estimate the effect
of burning rate on taking a risk, based on perceived burning rate:

b =P, xB. + 1,
where B, is perception adjustment multiplier and I, is the initial value of perception.

In addition to the described feedback loops, there are some exogenous variables in our model.
Those variables are ones that we do not intend to predict their changes over time in our model
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due to the scope of our model, and instead, we take time-series inputs. They include natural
ignition (lightening), temperature, and precipitation. Natural ignition feeds to total ignition in our
model adding to human ignition, which was modeled endogenously. Temperature and
precipitation both determine the severity of drought in the state. So, higher temperatures and
lower precipitation both increase the drought severity. The drought also directly affects the
burning rate. Higher drought leads to an easier distribution of wildfire.

Model equations and parameter values are documented in Appendix B and C.
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Figure 3.3. The stock-flow model structure of the human part. Humans contribute to fire by
ignition. Both perceptions of wildfire risk and settlement in WUI are important factors in
determining the role of people in the wildfire.

3.4. Parameter estimation

Model parameters are estimated based on state-specific information. We use the burning rate,
WUI area, and the number of human fire ignition to calibrate our model for each state.
Specifically, we are interested in parameters that defined people's reactions to perceived risk
and the time it takes for them to change their behavior. Model calibrations perform by
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minimizing a specified objective function. The detailed formulation of the objective function is
provided in the Appendix C. Building confidence in parameters is an important issue for model
credibility.

4. Results

Figure 3.4 shows the simulation result and the data for 12 months moving average of burning
rate per acres for 11 states. Figure 3.5 shows the number of human ignitions in these states per
acre of forest. Both burning rate and human ignition show fluctuation on the 12-month moving
average. We chose 12 months moving average to make sure the model’s fluctuation behavior is
not due to seasonal changes in precipitation and temperature. Our model shows that the
fluctuation stems from the interaction of the human, natural, and exogenous conditions, which
are the number of lightning and climate factors.

Table 3.1 shows how well the model replicates the real-world data. We used R-squared (the
square of the correlation between predicted values and actual data) to compare the fitting
guality. Comparing the table 3.1 and figure 3.4 and 3.5 shows that for states which experience
rare extreme instances of high burning rate or human ignition, the model replication quality
decrease compared to other states without such trends. The purpose of our model is to show
the overall trend of wildfire behavior simplistically. Overall, the model could successfully
replicate the wildfire dynamic in all states with some error due to rare extreme events.

Our model's main purpose is to use the mode as a prototype for comparing the effect of
different policies and scenarios on wildfire behavior. First, we check the effect of the climate
factors on wildfire activity. For doing that, we compare the total burning rate in the study period
with the situation in which both temperature and precipitation remain constant (equal to their
average value between 1900-2000). We then check the effect of three proposed policies on
wildfire reduction. These policies limit vulnerable property development, Prescribed burning, and
Effective firefighting. The first policy is implemented by making vulnerable property development
smaller than 1% of the current value of the vulnerable property. The second policy is
implemented by adding outflow from flammable vegetation to an empty area with the value of
wF, where w is the percent of prescribed burning set at 0.2/year. Finally, the last policy is
implemented by changing y_S to 10% of its current value each year.
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Figure 3.4- The 12 month moving average of burning rate per acre of forest for 11 states with the highest
wildfire activity. The x axis represents time (month number). Red dots show the data points and blue line
shows simulation results.
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Figure 3.5- The 12 month moving average of human ignition per acre of forest area for states with the
highest wildfire activity. The x axis represents time (month number). Red dots show the data points and
blue line shows simulation results

42



Table 3.1- Comparison of R-squared for different states.

State ‘ Burning rate Human Ignition

AZ 0.34 0.73
CA 0.28 0.22
coO 0.30 0.16
ID 0.43 0.25
MT 0.61 0.41
NM 0.61 0.45
NV 0.46 0.32
OR 0.36 0.35
uT 0.25 0.46
WA 0.43 0.57
wy 0.68 0.48

4.1. Scenario and Policy Analysis

Humans contribute mainly to wildfire by ignition. The human perception of fire risk and
settlement in WUI affects the number of wildfires people ignite annually. Here we test how the
human total burning rate reduce if there is no WUI settlement. Furthermore, we test what
happens if states do not experience any climate change from the 1900-2000 situation. The
result in table 3.2 shows that while some states experience a huge reduction in the burning rate
without a change in climate, this factor caused a small reduction in the burning rate for some
other states, including Arizona and Idaho. This is primarily because Western states experienced
a more severe climate change in recent decades compared to some other regions.
Furthermore, we can compare the impact of different policies on wildfire treatment. For instance,
if the firefighting effectiveness with the presumed amount is achievable, this policy is the most
effective in all states. However, the same cannot be said about the other two policies. For
example, in some states, including Idaho and New Mexico, the first policy seems to be more
effective than the second one.

Table 3.2- Scenario and Policy effects on the burning rate reduction

State WUl Preseribed Firefighting Climate
Burning

AZ 1% 20% 24% 5%
CA 22% 12% 45% 32%
Cco 6% 21% 46% 36%
ID 26% 13% 52% 12%
MT 7% 21% 40% 65%
NM 39% 32% 37% 43%
NV 20% 12% 21% 45%
OR 12% 16% 36% 28%
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uT 14% 10% 32% 23%
WA 9% 8% 21% 31%
WY 10% 20% 65% 41%

5. Discussions and Conclusion

In this study, we developed a system dynamics model of wildfire behavior, which considers
wildfire as an outcome of a human-natural coupled system. The model has three main
mechanisms that capture endogenous changes in wildfire activities. They include vegetation
dynamics, human perception as affected by recent fires, and settlement in WUI. We used data
from wildfire in the United States to calibrate our model for 11 states and model each of them
separately. We estimated the model's unknown parameters using the calibration method. The
model fairly replicated the data for the study period and provided an acceptable prediction for
the 1992-2015 time period. We used a panel of the dataset that included human ignition,
burning rate, WUI area, natural ignition, temperature, and precipitation. Several parameters,
such as the distribution of vegetation and the size of vegetation, were estimated through
archival data or publications. The unknown parameters are estimated through the calibration
method.

Our simulation results uncover the importance of human and climate effects in different states.
We particularly find that there is no single reason for wildfire activity increase in recent years,
unlike the majority of the literature. In fact, global warming, and human activities both cause the
current situation. Global warming causes an increase in flammable vegetation, which
contributes to the higher annual burning area, while human activities lead to more human
ignition, which increases fire activity.

This study makes several contributions to the literature. By considering the current literature
regarding wildfires and the impact of different variables on their behavior, this research found
important feedbacks that are missed in the studies of the impact of humans on wildfires. We
considered the human influence on wildfire behavior by considering the perception of humans
regarding wildfire risk and its contribution to the number of annual human ignitions. Finally, we
developed a dynamic model of forest-human interaction to understand structures that lead to
the current fire situation in burned areas in the conterminous United States. The model shows
that the burning area behavior depends on natural and anthropogenic feedback.

The study has several policy implications. Different policies can be used to control the number
of risky human behaviors. Our model hypothesized that human perception causes people to
change their high-risk activities. An increase in the perception of fire danger causes people to
be more careful when performing high-risk activities. Furthermore, they will follow safety
procedures that aim to prevent wildfire ignition. On the other hand, governments can reduce the
effect of humans by forbidding high-risk behavior when there is a high probability of fire ignition
by performing them. They also can mandate safety procedures to be followed. These policies
can reduce the amount of high-risk behavior, which can cause a reduction in the burned area.

One of the limitations of this study is the assumption that people's perception and effect of
vulnerable property dynamics are the only factors affecting the number of human ignitions. All
human ignition fires are not caused by these two factors. For example, ignition due to work with
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heavy machinery inside the forests is another type of human ignition fire. Hence, the total
number of people who work in forests also affects the number of human ignitions. In that case,
other policies, including reducing total workers in the forest area or increasing the training
workshop for them could be some valuable policies in the hope of reduction in human ignitions.

The purpose of this study was to compare the effect of human activity and climate change on
each state and provide a guideline for authorities in policy implementation. As shown in this
study, each state's policy should rely on the main reason for change in wildfire activity. Previous
studies investigating the human impact on wildfire activity rely solely on variables that remain
almost constant over a short period of time. While these studies can compare the role of
humans in wildfires in different areas, they cannot detect any significant alterations in the human
impact on fire in a specific area. We have argued that people's perception of fire and their risky
behavior are critical factors that are changing in the same place over time. We have also
adopted wildfire as a hybrid human-environmental framework, which stresses the need to
consider the role of both human and natural processes in defining wildfire behavior.
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Appendix B. Model formulation

Table A3.1 shows the full set of equations for the simulated model. In any program, these
equations can be used to build a model. Nevertheless, these are used primarily to build a model
in the Vensim DSS program. The Vensim DSS platform is an upgraded version of the Vensim
PLE program that is available free for academic purposes. The DSS edition has a handful more
options including optimization and sensitivity analysis. The model can therefore be developed
using the Vensim PLE version with the following equations. The time stage for all simulations is
0.0078125 years. The model is run for 20 years but can be run for any other period.

Table A3.1. Complete set of model's equations, definition of parameters and units

Parameter name

Parameter equation and definition and
units of its parameters

1. Vulnerable property

t —
V= f ((BV)e™*B — pV)dt + I,
0

2. Indicated human ignition

iH:VXEthhm

3. Human ignition

Iy =Third order delay of iy;
delay duration = §,; Iy(t = 0) = 0.3

4. Burning rate

B = )/FF +]/SS

5. Strong vegetation

t/F
S=f (——(a+y5)5)dt+ls
0o \I1

6. Flammable vegetation

tF 1
F=f (—+aS—(—+yp)F)dt+ Ir
0o T2 T

7. Empty area

E—ft( ar dS)dt+I
o\ dt at £

8. Vulnerable property development

Vi=E,u X 99XV

9. VP depreciation

V, =V X Epy

10. Vegetation regrowing

V—E
T_Tl

11. Turning Sto F

Tsg =0 XBXS

12. Total ignition
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13. Strong vegetation burning

Spr=pXFEXS

14. Flammable vegetation burning

Yr= fr XFXT;

15. Fire propagation

YFF
F,=08x(1+e G D)1

16. Effect of BR on VP dep

Epp =B X u

17. Effect of BR on taking risk

Ey = max(@w +y X B, 0)

F
18. Developing S Dg = -
2
19. Burning effect on vulnerability B., =B Xa

20. Fire risk perception

B = Smooth(B, 6,)

21. VP deterioration effect

u=20.2

22. Fractional burning rate per ignition

fr * Drought index

23. Average s burning

p * Drought index

24. Time to change behavior 6, =2
25. Time to grow vegetation Ty =2
26. Time to develop S 7, =10
27. Time to perceive 6, =2

28. Fire propagation

ViF
¥s = 0.8 (1+ e_s*(%_l))‘1

29. BR multiplier

o =0.05
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. Temperature
30. Drought index

Precipitation

Appendix C. Parameter estimation

Parameter estimation is done by minimizing the weighted sum of squared error between data
and model outcome (for each dataset). We consider the RMSE (Root mean square error) as the
weight for the optimization problem of parameter estimating:

n ~

. Yi—o(6—0)

min —_—
Z+ RMSE(D)

Which 8 is the model result, and 6 is the historical data.
Appendix D. The Exogenous data

Figures A3.1, A3.2, and A3.3 shows the 12 months moving average of the corresponding data.
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Figure 3.A1. 12 month moving average natural ignition per acre of forest for different states. The x axis
shows the time (month number) and the y axis shows the number of lightning per acre of forest
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Figure 3.A2. 12 month moving average temperature for different states. The x axis shows the
time (month number) and the y axis shows the state temperature
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Figure 3.A3. 12 month moving average precipitation for different states. The x axis shows the time (month
number) and the y axis shows the state precipitation.
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Chapter 4: Preparing for wildfire using wildfire prediction for the Oregon counties

Abstract

Recent increases in wildfire occurrence in the United States, especially the number of big fires,
defined as 500 acres or greater, have resulted in substantial environmental, economic, and
human damage. Predicting the occurrence of big fires at a particular location enables fire
management to plan for suppression and focus resources on high-profile locations. This study
uses 25 years of wildfire data (1992—2015) to construct a hierarchical model for determining the
probability of big monthly wildfires instances in Oregon counties. We use an interactive model
with meteorological and socioeconomic variables that can better predict fire behavior in the
areas where humans exist. The output of our model is then compared to other machine learning
algorithms, including Deep Learning, Extreme Graduate Boosting, and Random Forest. The
model produces comparable findings for precision and sensitivity (Area under the precision-
recall curve of 0.502) and has the advantage of showing each variable's importance compared
to ensemble methods.

1. Introduction

Wildfire is a complex phenomenon that can endanger natural resources, the environment, and
human life (Scott et al., 2013; McFarlane et al., 2012; Radeloff et al., 2018). Therefore,
understanding and predicting wildfire occurrences is vital for analyzing fire danger in an area
(Catry et al., 2010; De Vasconcelos et al., 2001; Miyanishi, 2001; Bonazountas et al., 2005).
Fire occurrence density in a region is a dynamic outcome of two different mechanisms. First,
human ignited wildfires account for approximately 84% of wildfires nationwide (Balch et al.,
2017). The extent to which humans ignite wildfires depends on an individual's actions, including
an abandoned campfire, arson, and fireworks (Vega et al., 2017; Prestemon and Butry, 2008;
Bartlein et al., 2003). Second, lightning is another source of wildfire ignition, and its occurrence
depends on weather conditions (Loeb, 1949). In terms of the area burned, the primary threat
posed by wildfire is the high expense and destruction caused by big fires (Preisler and
Westerling, 2007).

The importance of large wildfire prediction is the interest of different researchers (Rolinski et al.,
2016). According to the empirical study, the number of significant wildfires in the United States
has grown recently (Dennison et al., 2014). Figure 4.1 illustrates the annual number of big
wildfires (larger than 500 acres) in the United States between 1992 and 2015 (Short, 2017). As
illustrated in the figure, the number of big wildfires is on the rise. Over 1,880,465 fires destroyed
nearly 140 million acres in the United States during this period. While only 0.925% of fires
consumed more than 500 acres, they account for 88.4% of total burning rates.

Lots of research has focused on the large wildfire occurrence and magnitude. For example, the
Santa Ana index aims to predict the wildfire occurrence exceeding 100 ha in six days (Rolinski
et al., 2016). Another study evaluates the driving forces in shaping large wildfire extend in
southern Chile (McWethy et al., 2018). An important question in modeling the large wildfire is
the factors that lead to this extreme event (Preisler and Westerling, 2007; Preisler et al., 2016;
Preisler et al., 2011; Gudmundsson et al., 2014; Podschwit et al., 2018; Westerling, 2018).
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Figure 4.1- Annual number of large wildfires (greater than 500 acres) in the United States. The figure
shows that large wildfires have been increasing in recent years?.

There are two factors, environmental and human, that determine the wildfire behavior in any
area. In the case of climate, there is ample evidence that there is an association between
climate and wildfire activity through two primary mechanisms. First, a warmer climate leads to
drier vegetation in forests. This dryness means that vegetation burns quickly in the case of
wildfire and increases the risk of massive wildfire (Westerling et al., 2006). This is because
forest trees contain lots of moisture, which reduces their flammability. However, the increase in
temperature reduces the moisture content in forest trees and makes them easily flammable.
Second, the increase in temperature leads to an increase in lightning, which is the natural cause
of wildfire ignition in the United States (Romps et al., 2014). Hence, the warmer climate leads to
more natural ignition and more significant wildfires due to lightning and vegetation dryness
changes.

Humans alter fire regimes in two ways: First, there is strong evidence that in recent decades,
human-ignited fires have expanded the fire activity across the United States (Balch et al., 2017;
Syphard et al., 2007). Studies show that human ignition is responsible for almost 84% of the
total number of ignitions between 1992-2012 in the United States (Balch et al., 2017). Second,
some researchers believe that anthropogenic climate change is the main reason for increased
fire activity (Abatzoglou and Williams, 2016). Human activity causes global warming by
releasing different gases into the atmosphere, including carbon dioxide and methane, also
known as greenhouse gases. These gases trap the heat in the atmosphere and can cause
different effects such as temperature increase and rainfall decrease (Fleming, 1999). There is
strong evidence that anthropogenic climate change increased the fire season duration,
frequency, and size (Abatzoglou and Williams, 2016; Westerling et al., 2006; Westerling, 2016;
Williams and Abatzoglou, 2016; Jolly et al., 2015).

% Data from (Short, 2017)
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Typically modeling the human role in the wildfire is the interest of qualitative research or
guantitative with simple statistical models, since integrating the human role in equations and
variables seems problematic (Steelman and Kunkel, 2004). For example, one study in central
Chile suggests that population density greatly influences the probability of annual ignition and
burned area (McWethy et al., 2018). Another study on temperate* forests shows that humans
specifically control wildfire in places with low lightning and high vegetation density (McWethy et
al., 2013). There is, however, a consent in the literature that wildfire is the coupled human-
natural system that both social and ecological conditions shape the people’s perception of how
communities respond to this extreme event (Fischer et al., 2016; Cutter and Finch, 2008; Nowell
et al., 2018)

Several studies suggest that the social aspect of wildfire can be modeled by the socioeconomic
characteristics of each location (Charnley et al., 2015; Bihler et al., 2013; Romero-Calcerrada
et al., 2008). These indicators can show the population's general proclivity to wildfire
contribution (both in the ignition and burning area), and they are more quantifiable than an
individual's subjective assessment of their potential contribution to wildfire (de Torres Curth et
al., 2012). For example, according to one study on Florida's WUI, regions with fewer people and
higher unemployment result in fewer fire ignitions and less burned land (Mercer and Prestemon,
2005). There is, however, no agreement on the relationship between socioeconomic variables
and fire ignition and magnitude, as their effect can vary considerably across regions (Buhler et
al., 2013). Table 4.1 summarizes some of the key variables used to model wildfires in various
regions. Furthermore, since the number of human ignitions is highly correlated with
environmental conditions, there is a need for socioeconomic and weather variables to model
human-caused fires (Vilar et al., 2010). These can assist policymakers in identifying potential
high-risk areas where risk mitigation efforts should be concentrated (Wigtil et al., 2016; Ojerio et
al., 2011). However, due to the slow change in the socioeconomic factors, they fail to model the
change in the number of human ignition over a short time.

4 Tasmania, Northwestern USA, Southern South America, New Zealand
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Table 2.1- The socioeconomic variables used for wildfire modeling in different areas.

Socioeconomic Region Model* Example
variable
Population Florida Ignition, Area (Mercer and Prestemon, 2005)
Patagonia Ignition, Area (de Torres Curth et al., 2012)
Northwestern United States Risk reduction (Charnley et al., 2015)
Argentina Ignition (Buhler et al., 2013)
Spain Ignition (Romero-Calcerrada et al., 2008)
United States Fire hazard (Wigtil et al., 2016)
Unemployment Florida Ignition, Area (Mercer and Prestemon, 2005)
Patagonia Ignition, Area (de Torres Curth et al., 2012)
Northwestern United States Risk reduction (Charnley et al., 2015; Buhler et al.,
Argentina Ignition 2013)
Arizona Risk reduction (Ojerio et al., 2011)
United States Fire hazard (Wigtil et al., 2016)
Poverty Patagonia Ignition, Area (de Torres Curth et al., 2012)
Argentina Ignition (Buhler et al., 2013)
Arizona Risk reduction (Ojerio et al., 2011),
Education Patagonia Ignition, Area (de Torres Curth et al., 2012)
Argentina Ignition (Buhler et al., 2013)
Arizona Risk reduction (Ojerio et al., 2011)
Housing density Florida Ignition, Area (Mercer and Prestemon, 2005)
Patagonia Ignition, Area (de Torres Curth et al., 2012)
Northwestern United States Risk reduction (Charnley et al., 2015)
Spain Ignition (Romero-Calcerrada et al., 2008)
United States Fire hazard (Wigtil et al., 2016)
Ownership Midwest United States Ignition, area (Cardille et al., 2001)
Police density Florida Ignition, area (Mercer and Prestemon, 2005)
Distance to Spain Ignition (Romero-Calcerrada et al., 2008)
infrastructure
Farming density Spain Ignition (Romero-Calcerrada et al., 2008)
Racial distribution  Arizona Risk reduction (Ojerio et al., 2011)
United States Fire hazard (Wigtil et al., 2016)

*|gnition: predicting fire ignition or number of fire ignition, Area: predicting the burned area

Recently ML methods used in wildfire modeling have grown significantly following
advancements in computing and data collection (Jain et al., 2020). The scope of using ML
methods range from predicting burning rate (Stojanova et al., 2012; Amatulli et al., 2013;
Ozbayoglu and Bozer, 2012), predicting fire ignition in a specific region (Sakr et al., 2011) and
developing a fire risk map (Holden et al., 2009; Barrett et al., 2011). Still, these models lack
accuracy and understandability together. For example, although ensemble ML methods proved
to have better accuracy compared to the single classifiers, their black-box modeling type causes
not to understand the contribution of different variables to the wildfire behavior (Stojanova et al.,

2012).

The purpose of this study is to determine the conditional probability of a large wildfire occurring
in a particular month for each county in the state of Oregon. We compiled monthly
socioeconomic, weather, and vegetation data for each state to forecast the county's likelihood of
experiencing a big wildfire. By developing a model that includes the interaction of human and
natural variables in the modeling process, we can differentiate the human contribution between
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counties considering socioeconomic information. Furthermore, we can account for the temporal
changes in human role in a specific county by considering the importance of human factors as a
function of environmental variables. The model is a hierarchical regression model that reflects
the relationship between independent variables when simulating the occurrence of big fires.
With tenfold cross-validation, the model's performance is compared to well-known machine
learning algorithms.

The remainder of this paper is organized as follows: Section 2 introduces the study area, which
the model used for modeling purposes. In section 3, we develop our research methodology.
Section 4 highlights the results of the research. Finally, the conclusion and future work is
provided in section 5.

2. Study area

Oregon's study region is in the northwest of the United States (43.8041° N, 120.5542° W). The
Oregon population is 4.218 million, and almost half of the state is covered by forests. Hence,
Oregon is one of the states which has lots of interaction between population and forest. Its
proximity to the Pacific Ocean influences the Oregon climate. Precipitation is much higher in
western Oregon compared to the eastern part. The forest type of Oregon is also affected by its
climate. While western Oregon includes more dense forests, eastern Oregon possesses a more
arid forest type®. The climate in Oregon varies relatively based on the distance to the ocean and
elevation. At the same time, the coastal region has a milder condition. The interior part of
Oregon experiences extreme dryness and high temperature, especially in the summer.
Population settlement is concentrated in coastal areas, with nearly 25% of the population living
in Portland, Eugene, and Salem, which is in the state's coastal area.

This study utilizes 24 years of wildfire incidents in Oregon from the United states department of
agriculture database (Short, 2017). The database includes all fire incidents greater than 0.01
acres initiated in Oregon in this period. In addition, we aggregate wildfire for each county every
month. Overall, 10,090 wildfires happened and burned 8,746,025 acres of Oregon forests.
However, these statistics can be misleading in the evaluation of wildfire activity in Oregon. In
fact, small wildfires are not the ones that impose a risk on people. Only large wildfires can be
imposed devastating risks. Hence, our concentration in this study is on detecting large wildfires
and estimating their size. Between 1992-2015 Oregon experienced 436 large wildfires (greater
than 500 acres) with 8,651,495 burned areas. Figure 4.2 shows how the burning rate and large
fires distribute through Oregon.

5 www.Oregon.gov
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Figure 4.2- Oregon wildfire activity in the study period. Figure 4.2.A depicts the average annual burned
are between 1992-2015, while Figure 4.2.B shows the total number of large wildfires (greater than 500
acres) in the same period.

We obtained climate data from two different sources, each with a different set of essential
variables. Prism project collected weather information from 93 weather stations across Oregon
(PRISM Climate Group, Oregon State University, http://prism.oregonstate.edu, created 18 Aug
2020). The dataset includes county-based monthly average weather information. This dataset's
high spatial resolution makes it appropriate for academic research (Williams et al., 2015).
Furthermore, we also collect data from the National Oceanic and Atmospheric Administration
(NOAA). Table 4.2 shows all data and their sources which is used in this paper. We have
aggregated data (except for socioeconomic data) every month for each Oregon county. Hence,
our data include wildfire activity in all 36 Oregon counties between 1992-2015 (288 months).

Table 4.2- The databases used in this project with their corresponding source.

Variables Source Notes
Precipitation, Minimum temperature, Prism Weather information
mean temperature, maximum collected on a monthly
temperature, minimum vapor pressure basis for each county
deficit, maximum vapor pressure deficit,
elevation
Fire size, Fire County United States | Fires with the exact location
Department of | (latitude and longitude)
Agriculture were collected for the study
database period. Here we just use
the county of the fires.
Dewpoint temperature, Wind speed, NOAA Data collection resolution
relative humidity, sea level pressure, (national varies through the study
pressure, vapor pressure oceanic and period. We have
atmospheric extrapolated results in case
administration) | of data shortages.
Unemployment rate, poverty rate, U.S. bureau of | Data is collected every ten
population labor statistic | years. We consider these
country-specific data
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constant throughout the
study period.

Total area, forest area, timberland area Oregon Land data considered
Department of | constant over the period of
Forestry study

Data Preprocessing and dealing with missing data

Monthly weather station sampling provides the meteorological data (For cases in which other
temporal sampling were provided, we transferred it to a monthly basis for consistency). We
gathered data from two distinct networks of weather stations, as shown in figure 4.3. We then
interpolated using inverse distance weighting (IDW) (we consider the center of each county as
the reference point). Additionally, the station sample start date varies, resulting in certain cases
of missing data. As a result, we first impute missing data on the station location using the R
package MICE, and then use the IDW approach to estimate the state weather information.

For the fire statistics, about 10,000 incidences occurred between 1992 and 2015. The data
includes the start and finish dates of the fire, its location, and the number of acres burned. Each
month, we calculate the number of acres burned in each county. In the event of huge fires that
burn for more than one month, we assume a constant burning rate on each day and divide the
rate by the number of days the fire burns each month. Since this study aims to develop a
warning system, we consider the burning rate threshold of 500 acres as the high fire activity that
demands further attention. Table 4.3 shows the existence of significant difference between the
mean of each independent variable among fire instance group and no fire group.
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Figure 4.3-The weather stations in the Oregon state. The border lines represent county borders. The
green stations belong to PRISM project and the red stations belong to NOAA.

Table 4.3- Descriptive statistic of variable compared among two classes

Independent T statistic P value
variable

Precipitation (P) 35.712 <2.2e-16
Minimum -24.224 <2.2e-16
temperature (MiT)

Average -32.163 <2.2e-16
temperature (AT)

Maximum -35.733 2.2e-16
temperature (MaT)

Average dewpoint -4.5248 7.396e-06
temperature (MDT)

Minimum vapor -28.42 <2.2e-16
pressure deficit

(MiVPD)

Maximum vapor -33.757 <2.2e-16
pressure deficit

(MaVvPD)
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Dewpoint -12.409 <2.2e-16
temperature (DT)

Dry Bulb -31.512 <2.2e-16
Temperature (DBT)

Relative humidity 30.979 <2.2e-16
(RH)

Sea level pressure | 10.769 <2.2e-16
(SLP)

Wet bulb -26.058 < 2.2e-16
temperature (WBT)

Wind gust speed 14.802 < 2.2e-16
(WGS)

Wind speed (WS) 10.355 < 2.2e-16

The data preprocessing includes checking the correlation between independent variables to
ensure the existence of highly correlated ones. Figure 4.4 shows the correlation matrix for the
set of independent variables represented in table 4.3.

n 55283858382 ¢
r@YCc0ToQ e pTa yp 1
MT V Q@O DIDBI 0 @ ¥ Bos
ATO @O@ODDIIOLC @ M6
MaT 0 @ @@IDIOIOEC @)1 |
MOT ' QD@ " V@D 2 @Y | [*
MVPD 0/ (DDD "@@ DG (DO ' | oz
MaVPD O Q@@ VD@ DGC P T || |
T ' 9DIO " D@D < @)
0BT ¢ Q@@IDIDDO@LC @A) ' | (2
RH(DOQES ' &G Q@ Y0 D' ||,
st 'gggaagag u@e b4
WeT 1 @@OD DIOO®( ° @ ' |°°
wes DQQQO2 OOADD PO@ D Bos
ws BY T T T 1 TT T Ta V@

1
—_

Figure 4.4- The correlation between independent variables.

To prevent source of error in the model, highly correlated variables removed and the selected
set of variables minimum temperature, maximum temperature, Average dewpoint temperature,
maximum vapor pressure deficit and wind gust speed. Furthermore, we add two variables
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names precipitation stress and temperature stress each is equal to the average of the
precipitation and temperature in the last six months respectively. The reason for adding these
two variables is to model the dryness in the ground which also considered as drought effect.

3. Method

Performance criteria for imbalanced binary classification

The proper performance detection criteria should show the performance of the classification
method based on the primary goal of the development of the model. Dealing with imbalanced
datasets differs based on the type of ML methods. Different studies evaluate the performance of
ML methods with imbalanced datasets (Wu and Chang, 2005). Table 4.4 shows some
performance metrics for binary classification based on the confusion matrix. Out of the five
mentioned metrics, accuracy, specificity, and false-positive rate are not proper performance
criteria for imbalanced datasets for a reason discussed before. Here we consider the
performance criteria, which include precision, showing the ability of the model to predict the
positive cases without false positive prediction, and recall, the ability of the model to detect the
positive cases, called the area under the precision-recall curve. This performance criterion is
considered as a proper one for imbalanced datasets in the literature (Saito and Rehmsmeier,
2015).

Table 4.4- The confusion matrix and five performance criteria for binary classification.

Predicted: No Predicted: Yes
Actual: No True negative (TN) False positive (FP)

Actual: Yes False negative (FN) True positive (TP)

Metric Formula
Accuracy TP +TN
TP+ FN+FP+ TN
Sensitivity, Recall, True TP
positive rate TP + FN
Specificity, Selectivity, TN
True negative rate TN + FP
Precision, Positive TP
predictive value TP + FP
False negative rate EN
TP+ FN
False positive rate FP
FP+ TN

When working with unbalanced databases, various data preprocessing techniques are
suggested. Here are four preprocessing methods for imbalanced datasets, as demonstrated in
Table 4.5. Every strategy is created to minimize the disparity between positive and negative
instances. For example, you can either add positive instances, exclude negative instances, or
combinatorial approaches. Finally, we measure each preprocessing system and compare their
output to the final outcome.
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Table 4.5- The four data preprocessing methods suggested for imbalanced datasets

Preprocessing method Description
Upsampling Randomly replicate the minority group instances.
Downsampling Randomly eliminate the majority group instances.
Synthetic Minority Over- Similar to oversampling, but instead of replicating the

sampling Technique (SMOTE) minority group instances, this method considers several k
nearest neighbors of the minority class and generate new
instances by interpolation

Random Over- Bootstrapping method artificially generate the minority class
Sampling Examples (ROSE) samples in the feature space neighborhood around the
minority class

Due to high unbalance in our dataset, fire ignition detection can lead to a high false alarm rate.
Our dataset includes 4.32% of fire ignition and 95.68% no ignition. Here we propose a hierarchical
regression model (HM). Using the HM method can help us eliminate the high false alarm rate
while still having high accuracy.

Here we introduce some famous ML methods for binary classification in the literature and then
introduce our algorithm for the same problem. In the next section, we compare the performance
of our proposed method with these ML algorithms and compare their result using 10-fold cross-
validation.

Logistic regression
The logistic regression model predicts a classification problem with a binary outcome (Wright,
1995). Logistic regression is easy to implement and implement and works well when the
dataset is linearly separable. Furthermore, logistic regression is less prone to overfitting
compared to other ML methods such as ANN (Tu, 1996). The logistic regression relates the set
of independent variables with the log-odd of the dependent variable described as follows:

logit(p(x)) = ln% = Z BiX; €Y

Where p(x) is the probability that x belongs to the class of 1. X; are set of independent
variables which can be continuous or discrete. The aim goal is to find the coefficients of
the regression, B;, with the maximum likelihood estimation (MLE) method (Czepiel,
2002).

Ridge classifier
Ridge classifier has a similar equation to logistic regression (represented in equation 1), but the
estimation method for coefficients is different. Logistic regression performs poorly when there is
high collinearity among the data set or when the number of independent variables is high. Ridge
classifiers solve this issue by introducing a small bias to the 1 model to control the value of
variance in estimated values (McDonald, 2009). Instead of the traditional MLE method, the
coefficient estimation is through the equaiton2.

B =argminE (v — 9+ AT, 8.5 )
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Here, y; and y are estimated, and actual dependent variables, respectively, represent the MLE
equation. The next part aims to minimize the sum square of coefficient with the user control
variable 2. Although the ridge classifier may introduce a bias to the error term compared to
logistic regression, in cases when data has high dimensionality, it provides better MLE (Hoerl
and Kennard, 1970)

Lasso
Lasso adds bias proportional to the sum of absolute values of coefficients with a small
difference from the ridge classification method. Equation 3 shows the loss function for the lasso
classifier:

N n
B =argmin(y (vi = )+ 2 ) IB,D) 3
j=1 i=1

While both lasso and ridge have advantages over logistic regression with high dimensional data,
the lasso can eliminate coefficients of highly collinear features (Tibshirani, 1996).

Naive Bayes
Naive Bayes (NB) is based on Bayesian statistic, aiming to find the probability of an event v
belong to the class k (Ck). Equation 4 represents the standard naive Bayes method, assuming
the data has a prior normal distribution.

(=)’

1 e 20'12{ (4)

p(x =v|Cx) = \/—
Znaﬁ

Here u;, and o7 are normal distribution parameters.

Random Forest
Random forest (RF) classification is an ensemble learning classification technique in which the
model's outcome is based on the combination of multiple independent decision trees (Pal,
2005). A random forest performs better in dealing with outlier than a single decision tree and
preventing the mode from overfitting to the training set (Cutler et al., 2007). RF uses bootstrap
aggregation by replacing the training set used for each decision tree. The class of each
unobserved point is the simple majority vote based on the estimation of all decision trees.

Algorithm1- Random Forest

Input: Training set S = {xy;, x5, x3j, ... x;;}, i = 1, 2,.....,N; and y; € {0,1}; T: Number of
iterations; I: Weak Lerner (Decision tree)

Output: The classification of the test set

Procedure:

1: Randomly select a subset of the training set

2: Choose the number of features and create weak learner (1)

3: Train the decision trees

4: Estimate the classification of training sets with all decision trees

5: Select the classification outcome using the majority vote

66



Deep learning
The deep learning method is a multilevel method that, like the random forest, relies on more
than one classifier. In short, each layer consists of a different weak classifier. For a classification
problem, hidden units can have different forms, including logistic, sigmoid, and rectifier. Different
studies compared the effect of hidden nodes' type and its effect on the model performance
(Maas et al., 2013). The general steps can be explained in the following algorithm.

Algorithm2- Deep learning

Input: Training set S = {x,;, x3j, x3;, .. x;;}, i = 1, 2,.....,N; and y; € {0,1}; T: Number of
iterations; I: Weak Lerner (Decision tree)

Output: The classification of the test set

Procedure:

1: Randomly select a subset of the training set

2: Choose the number of features

3: Train the decision trees

4: Estimate the classification of training sets with all decision trees

5: Select the classification outcome using the majority vote

Extreme Gradient Boosting
Extreme gradient boosting become a popular algorithm in ML in recent years. The XGB is a
boosting method in which each tree is added to the model based on previous trees' loss
function, aiming to minimize the total error. Thus, it will reduce the error and variance of a single
decision tree, and it is widely used in ML competitions and the CERN center. Furthermore, it
has the benefits such as fast convergence, handling the missing value, and sparsity (Chen and
Guestrin, 2016). The XGboost algorithm can be summarized in the following steps:

Algorithm3- Extreme Gradient Boosting

Input: Training set S = {x;;, x3j, x3, ... x;;}, i = 1, 2,.....,N; and y; € {0,1}; T: Number of
iterations; I: Weak Lerner (Decision tree), The determined loss function as a function of model
error and model complexity

Output: The classification of the test set

Procedure:

For i: N, which N represent the number of weak learners

1: Add the new decision tree to the previous model by reducing the loss function

2: Choose the number of features and the decision tree weight which minimize the loss
function

Hierarchical regression model
Here we propose a hierarchical regression model (HM) for imbalanced categorization. The
iterative process can find the optimum set of independent variables using a greedy search. The
weak learner type has no constraint in the HM model. The two important benefits of the HM
model are interpretability and adjustability to the user's interest. In the case of interpretability,
the single learner is easier to understand compared to the ensemble methods. However, the
main reason that justifies using ensemble methods is their superior performance. In
adjustability, the HM model has two main components: the learner and the loss function. There
is no limitation of choosing the learner and the loss function. This adjustment can make HM
applicable for imbalanced datasets or other models that the interest does not lie in the traditional
model performance criteria. The hierarchical regression model can be expressed as follows:
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Vi = boi + Z byix; + &4
bii = vo tv1Z+ &

Where y; is the dependent variable and x; and z reperesent sets of indepednet variables. The
goal is to model the coefficiant of x; and linear regression of other indepdent variable (here z).
The important part of the HM model is to find the hierarchy in the model. Here we propose an
iterative process to find the best HM model based on the following algorithm:

Algorithm4- Hierarchical model

Input: Training set S = {xlj,xzj,x3]-, ..5hi=1,2,.... ,N; and yj € {0,1}; T: Number of
iterations; I: Weak Lerner (Arbitrary), The loss function

Output: The classification of the test set

Procedure:

1- Randomly choose subset of independent variables

1: Randomly choose the number of hierarchy among the selected variables (i)

2: randomly choose | sets of independent variables

3: Build the model including selected independent variables and the ones choose on step 2
4: compute the loss function for the test set Li

5: if Li is less that argmin(L) then replace the model with the previous one

4. Results
The coefficients of the hierarchical regression model are presented in table 4.6. The model
includes five interaction terms and 13 single terms. Algorithm 4 generates this final model, and
then backward elimination is performed on the model to ensure no excess variable exists in the
model. The last column of the table shows that all terms that remained after the backward
elimination are statistically significant.

Table 4.6- summary of the hierarchical regression model predicting the wildfire in Oregon counties.

Term Estimate Std z value Pr (>|z])

Intercept -30.2620 3.1478 -9.614 < 2e-16

Precipitation 3.8296 2.3436 1.634 0.102243
Total land -15.1179  8.5900 -1.760 0.078417
Poverty rate 2.9391 0.7251 4.053 5.05e-05
Time 5.6843 1.3678 4.156 3.24e-05
Pressure -2.2456 0.8310 -2.702 0.006884
Temp stress 4.7335 0.6518 7.263 3.80e-13
Forest area -4.3766 2.2671 -1.930 0.053551
Precipitation stress 8.1058 2.3680 3.423 0.000619
Elevation 12.2209 1.2218 10.002 < 2e-16

Longitude -4.9555 0.7352 -6.740 1.58e-11
Temperature 10.8177 1.5154 7.139 9.42e-13
Timberland 4.9239 2.1550 2.285 0.022320
Relative Humidity 1.5166 0.8326 1.822 0.068513
PressurexLatitude 4.0264 1.3060 3.083 0.002050
Total landxPrecipitation stress  23.0195 8.9783 2.564 0.010350
Total landx Poverty rate -3.6166 1.6337 -2.214 0.026846
TimexTemperature -4.0566 1.8610 -2.180 0.029269
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ElevationxLatitude -13.0683 1.4970 -8.730 < 2e-16
Figure 4.5 shows 10-k fold cross-validation of the area under the precision-recall curve for eight
different methods. Using ten-fold cross-validation makes confidence regarding the lack of bias in
the specific training and test sets since each point is precisely in the training set for nine
iterations and in the test set once (Stone, 1974). The area under the precision-recall curve
properly represents model performance when dealing with imbalanced datasets (Saito and
Rehmsmeier, 2015). The figure shows that the hierarchical model generates a better median for
the area under the precision-recall curve than other models. While ensemble models produce
better results than single learners, the HM model is the only single classifier method that can
generate comparable results.

0.6 4
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0.2+

AUC

———————— - — e —

0.0+

HM XGB DL RF SVM LG NB RC

Figure 4.5. The 10-k fold cross validation result for area under the precision-recall curve. The dashed red
line represents the random classifier result.

To further evaluate the performance of these models together, we split the data into 75% of
training set and 25% a test set. Figure 4.6 shows the ROC and precision-recall curve. The ROC
curve is not specifically made a distinction among the different modeling algorithms. The reason
was that the current dataset is extremely skewed, which minority group is less than 5% of the
total dataset. As a result, all models perform relatively well in detecting the majority group (even
a simple classifier that identifies all instances as a major class can have an area under the ROC
curve as high as 0.95). The problem of the ROC curve is well established in the case of the
imbalanced dataset (Saito and Rehmsmeier, 2015). In the case of imbalanced binary
classification, the precision-recall curve can provide further insight into the problem. Figure 4.6
shows that the RF, XGB, and HM perform better than the rest of the models. The HM model can
outperform some ensemble models and comparative to RF and XGB. This result and figure 4.5
make this model a valid model for the modeling of wildfire prediction. The benefit of using HM
model is its transparency and ease of interpretation.
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Figure 4.6. The ROC and precision-recall curve.

Data preprocessing performance
Here we evaluate the impact of preprocessing methods on the model performance. For doing
that, we split the dataset into training set and test set 100 times to prevent from any selective
bias in the model performance. Table 4.7 compares the average area under the precision-recall
curve for candidates' models with and without preprocessing. The most change in the
performance is for the logistic regression model which the ROSE method could double the AUC.
However, in most cases, the preprocessing models could not improve the model performance.
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Table 4.7- The performance comparison of data preprocessing methods on the wildfire ignition prediction.

Method | Normal | ROSE SMOTE | Downsample | Upsample
HM 0.502 0.42398 | 0.453199 0.4610129 | 0.486713
XGB 0.497 | 0.340099 | 0.430327 0.3753872 | 0.470983
DL 0.388 | 0.407309 | 0.350028 0.3515098 | 0.334931
RF 0.51 0.4707 | 0.480238 0.4433946 | 0.506745
LG 0.235| 0.47002 | 0.444102 0.204343 | 0.304184
NB 0.378 | 0.377663 | 0.390412 0.3701444 | 0.377031

5. Conclusion
This paper developed a Hierarchical regression model of wildfire prediction for the Oregon
counties, using the wildfire data between 1992-2015. The model includes three major variables:
meteorological, socio-economical, and land cover variables and interactions between them. We
tested the model using 10-fold cross-validation, and the model generates an average of 0.5
area under the precision-recall curve, which is appropriate for imbalanced datasets. We then
compare the model performance with other ML models and conclude that the model
performance is better than all single classifier methods and competitive with some ensemble
methods, including RF.

We developed an algorithm to find out the hierarchy in the dataset explained in this paper. The
developed algorithm is general guidance for hierarchical models and is not limited to this
problem or imbalanced datasets. If appropriate data is available for categorization, the algorithm
can generate a hierarchical regression model specific to that dataset. In this case, the algorithm
is data-centric since it relies on the available data. Models result also shows how the unit
change in each independent variable changes the log odds of wildfire chance. The hierarchical
model consists of 14 variables which 7 of them impact the model both as independent variables
and as interaction with other independent variables.

We compared the model performance with other competitive ML methods and four important
data preprocessing models for imbalanced datasets. Our analysis showed that data
preprocessing methods impact specific models (for example, logistic regression experienced
significant improvement by implementing the ROSE data preprocessing method), but their
impact on general was not consistent for all models. Further investigation needs to examine the
condition in which each data preprocessing method is effective. Furthermore, our model shows
the highest median among other compared models for the 10-k cross-validation area under
precision-recall curve criteria. Our model also showed the important information such as the
county and the month of the year, which both considered as an important characteristic in
wildfire behavior, do not improve the model performance since other spatio-temporal variables
(including latitude, total land, and time) and meteorological variables (such as pressure,
temperature, and precipitation) are the important factors that determined the odds of wildfire.

Our study contributes to the literature of imbalanced datasets and wildfire prediction models. For
imbalanced datasets, we developed an algorithm that can develop a hierarchical model based
on the available data. Relying on the specific dataset makes the model possible to eliminate
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excess information without affecting the model performance. Furthermore, the single classifier
which its performance is competitive to complex ensembled methods is easy to implement and
understandable. We developed a data-centric model in wildfire prediction models that can
predict the wildfire prediction each month on a county basis. This change in wildfire literature
usually considers a much larger area or time, making it hard to use for policymaking. However,
our model can be showing the counties with the highest chance of wildfire, and authorities can
use the mode result to manage their firefighting resources and take further decisions.

This study has several limitations and room for improvement. First, due to lack of data, we
performed missing data prediction in our model, which can be a source of error to the model.
Furthermore, due to the limitation of the number of weather stations, we must use some
estimation to determine each county's variables. Data with better resolution can improve the
model performance. Second, our model shows the chance of having a large wildfire but did not
consider the estimate of the size of fire burning. In fact, the prediction of wildfire size can be
used for the estimation of wildfire cost. Further models are needed to develop a burning rate
prediction which is an important characteristic too.

Overall, our study develops a single hierarchical classifier that can be used for any dataset.
Furthermore, we showed the importance of each variable in the odds of wildfire ignition in
Oregon county. We also compared the data preprocessing methods for imbalanced datasets
and found out their effectiveness on each ML method.
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Appendix E.

Descriptive Statistics for Variables

Variable Total Missing Min 15t Qu Median Average 3™ Qu Max
number
of data
Dew Point 7696 1746 -7.00 32.95 40.12 39.38 46.35 60.00
Temperature
Dry Bulb 7696 984 14.94 41.92 49.93 50.51 59.60 86.00
Temperature
Relative Humidity 7696 1288 19.83 61.36 74.61 71.35 83.38 100.00
Sea Level 7696 2638 28.54 29.98 30.03 30.04 30.09 31.17
Pressure
Station Pressure 7696 3408 24.90 26.77 29.48 28.48 29.88 30.30
Wet Bulb 7696 3120 13.51 38.74 45.59 45.15 52.99 65.67
Temperature
Wind Gust Speed 7696 1653 13.60 21.29 23.65 23.89 26.21 38.80
Wind Speed 7696 748 0.000 4.416 6.123 6.069 7.620 18.294
Precipitation 10438 70 0.000 0.640 1.540 3.041 3.840 35.820
Minimum 10438 70 7.70 32.70 39.20 39.21 47.00 62.80
temperature
Average 10438 70 17.60 41.70 49.80 50.46 60.30 79.90
temperature
Maximum 10438 70 26.7 49.9 60.8 61.7 73.4 96.9
temperature
Dewpoint 10438 70 11.10 30.57 37.50 37.07 43.50 57.30
temperature
Minimum vapor 10438 70 0.000 0.310 0.590 1.047 1.260 8.690
deficit pressure
Maximum vapor 10438 70 0.36 5.05 9.94 13.09 18.55 52.48

deficit pressure
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Chapter 5: Conclusion

Wildfire activity has greatly risen in the United States, putting natural resources, environment,
and human life at risk (Scott et al., 2013; McFarlane et al., 2012; Radeloff et al., 2018b). There
is no consensus on the reason for this increase in wildfire activity across the country. Overall,
climate change, human intervention, including settlement in the Wildland Urban Interface and
fuel accumulation as a legacy of past wildfire suppressions are three prominent reasons
considered for this change (Westerling et al., 2006; Radeloff et al., 2018a; Balch et al., 2017;
Johnson et al., 2001). Several research suggests that for understanding the driving forces of
wildfire, we should consider this phenomenon as CHNS (Fischer et al., 2016).

In this three-essay dissertation, which was a combination of simulation modeling and statistical
analysis, | examined wildfire as the result of interconnected human and natural systems, each of
which influences fire behavior. The high-level contribution of this dissertation is related to the
further development of the theory of coupled human natural systems as influences wildfire. In
the following | briefly review the contributions.

In the first research, | first concentrated on building a systematic framework for modeling wildfire
as a connected human-natural system. | show how, in the absence of exogenous factors such
as temperature or lightning, the human perception of the risk of fire may form a feedback loop
that, when linked with the natural system, can yield significant trends such as fluctuation or even
fluctuation with rising amplitude. This conclusion is counter-intuitive, given that the human
function is frequently represented in the literature using constant or semi-constant variables (de
Torres Curth et al., 2012; Romero-Calcerrada et al., 2010). Additionally, | analyzed the impact of
three essential fire prevention measures on burning rate reduction (prescribed burning,
enhancing immediate suppression achievement, and regulating the rate of WUI growth). This
research concludes that effectively integrating several policies can result in a synergistic impact
that outperforms the sum of the effects of the individual policies. This work significantly
contributed to wildfire modeling in a variety of ways. To begin, it gives fresh information on the
interplay of human and natural systems that drive wildfire behavior. Understanding the
characteristics that influence wildfire behavior may help us respond more effectively to a wildfire
outbreak.

In the second article, | deployed the model produced in the first essay (with slight modifications
to represent real-world cases better) and added climatic factors to the model to replicate wildfire
behavior across the conterminous United States. Additionally, | utilized the United States'
wildfire history from 1992 to 2015, NOAA meteorological data, and vegetation data for each
state. We fitted the model to each state first and then compared the quality of fit of the model.
Following that, we examine the influence of various policies and situations on wildfire behavior.
In the scenario, we examine the effect of maintaining constant temperatures and precipitation
levels relative to the average values for these variables over the last century. For the policy
study, we examine the influence of three policies on each state (prescribed burning, enhancing
immediate suppression achievement, and regulating the rate of WUI development). Here, we
may provide state-specific suggestions about the primary factors contributing to wildfires and
the most effective policies for each state.

In the third paper, | utilized cutting-edge data science techniques to investigate wildfire history in
Oregon from 1992 to 2015 to understand better how environmental and socioeconomic factors
affect the chance of large wildfires igniting. A model that generates a monthly likelihood map for
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each county in Oregon might be used as a warning system. Authorities might use this strategy
to assign monthly firefighting resources to the most vulnerable locations. This study builds a
white-box hierarchical regression model that outperforms state-of-the-art black-box machine
learning algorithms (Deep Learning, Extreme Graduate Boosting, Random Forest, and so on) in
terms of transparency and accountability. The constructed model can demonstrate the
significance of all variables and interacting terms. Finally, | analyze the interplay of
socioeconomic and environmental factors to close a gap in the existing literature (modeling the
human role with slow-changing variables). It is critical to consider interactions because they help
the model capture complicated connections more accurately. Combining machine learning and
big data can help us better understand the elements that contribute to wildfires by allowing us to
examine the interplay between environmental and socioeconomic factors.

Overall, this dissertation contributes to a better understanding of the complexities of wildfire
activity in the United States. This study provides a systematic perspective on the wildfire issue
that many communities are currently struggling from. In addition, | provide a theoretical wildfire
modeling system that can predict wildfire ignition and improve policymakers' decision-making.
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