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Abstract 

Wildfires are one of the major natural/ man-made disaster in the US, leading to economic losses 

and human suffering. Exploratory Data Analysis (EDA) refers to a process through which we 

extract knowledge from complex big data sets. The research work on National Fire Program 

Analysis (FPA) data is motivated by the increase in wildfires in USA. Analyzing wildfire activ

ity in the United States (US) is a critical for a national cohesive wildfire planning. Estimating 

wildfire probability and distribution maps is the first step in wildfire risk assessment and miti

gation. 

The research studies historical wildfire data sources to develop a data driven model to ana

lyze the trend variability of wildfires in the United States. This research includes intensive data 

analysis to identify the causes of wildfires over years. 

The objective of this study is to compile and consolidate all the available historical wildfire 

trends, and to discover previously unknown patterns, relationships and insights. These findings 

may assist wildfire managers in better prevention strategies to help mitigate large wildfires by 

analyzing their causes. 

The analysis shows that annual number of wildfires has a stationary time series with mi

nor fluctuations, but the number of major wildfires with acres greater than 5000 acres has been 

increasing rapidly nationally. A further time series analysis shows that 95% of the wildfires 

happen between the April-October months of the year. The scope of this study includes data 

summary, descriptive statistics, temporal and spatial patterns of wildfires which has been in

vestigated in the following sections. 

X 



Introduction 

1.1 Research Motivation and Problem Statement 

There is a rapid growth in the field of data science with the advent of big data. The impact of 

these tools and techniques is evident in the past decade with advancement of the value in data 

collection and analysis. The data sets can be very large, and may continuously grow after addi

tional data collections making them a difficult to analyze using traditional tools and techniques. 

The Spatial Wildfire occurrence data for the United States [1] for the National Fire Program 

Analysis (FPA), provides spatial and temporal data for wildfires in the United States. In its raw 

form, the data is valueless, but when analyzed and interpreted transforms into useful informa

tion. The FPA Fire-Occurrence Database (FPA FOD) [1] is used as it includes 1.8 million data 

points from the 1992-2015 period, with values of acres, time, causes and location of wildfires. 

Forest land managements in United States are increasingly focused to mitigate damage from 

wildfires, in areas of forests land that are characterized as frequent, low intensity surface fires 

regimes [2]. There has been a steady increase in wildfire events with higher intensity over the 

past several years despite increased investment in prevention and suppression. 

There has also been a sharp increase in the suppression costs, which have been about a 

billion dollars per year, and hence more focus is needed in reducing the suppression costs by 

expanding the use of mitigation strategies such as prescribed burning [3, 4] . For certain forest 

areas, wildfires are part of the natural habitat and increasing wildfire suppression in those areas 

adversely increases the fuel load leading to much more destructive wildfires in the future [5] . 
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It has an impact on the health of the forest and in its diversity, which also plays a role to help 

maintain the supply for timber and many plant and animal species. Wildfires maintain the land

scape heterogeneity, by altering vegetation composition and structure, and by using mitigation 

strategies such as increased suppression caused a dramatic increase in areas burned and burn 

severity, with a compounding effect of warming climate and longer fire seasons [6]. Wildfires 

can also cause significant damage to property, and also lead to potential loss of human life. 

Wildfire study is an important topic of research in disaster management circles. With the 

advent of social media and the reporting done by the main stream media on the very large 

wildfires burning in western forests has brought to the forefront a perception of crisis with 

widespread public attention and is galvanizing a cohesive strategy to address wildfires. 

Prescribed Fires are part of number of strategies, aiming to reduce the intensity of wildfire 

by fuel reduction. Prescribed fire is also conducted for a variety of other beneficial uses such 

as logging debris, protecting certain species and maintaining and/or restoring the ecological 

conditions. Prescribed fires is known as one of the most important effective tools for mitigation 

of wildfires. It is the purpose of this research to analyze, as objectively as possible the premise 

that prescribed fire is a valuable tool for forest protection and wildfire mitigation using temporal 

and spatial data analysis. 

Forest land managements in United States are increasingly focused to mitigate damage from 

wildfires, in areas of forests land that are characterized as frequent, low intensity surface fires 

regimes [2]. There have been computer simulations, case studies that show prescribed fires as a 

fire management tool that helps in fire suppression efforts in the event of a wildfire by reducing 

the intensity, and size of the wildfires [7] . As the literature shows, the conclusion from the above 

approach is limited, and there is a need to address this question in terms of cost/benefit analysis 

[7]. 

Determining the economic effectiveness of prescribed burning is complicated by difficulties 

in identifying the area that would have burned and the associated resource value changes had 

prescribed burning resources not been employed. Recent literature in this field are calling for 

expansion for use of prescribed burning to enhance fire-dependent ecosystems and to prevent 

future wildfire damage [8]. A case study in the case of San Juan Fire showed that when wildfire 

reached areas where the forest had been thinned, it burnt with low severity and was slow mov

ing [9] . 



3 

There is inherent variability in the cost of prescribed burning among different regions and by 

different managerial and institutional goals [10]. The size of a prescribed fire gives a good es

timate of the cost per acre although other factors, objectives interact to give a final cost [10] . 

Literature in this field also shows the decreasing cost of prescribed burning over the years, 

which can be attributed to the expansion of its use and increased cost controls. [10] . 

1.2 Related Work 

P.J. Bartlein e.t. al conducted a temporal and spatial structure of wildfire data from the year 

1986-1996 in their publication 2008 [11] . They used several visualization techniques and maps 

to reveal space-time structure of wildfires. Using various visualization techniques they were 

able to realize various seasonal patterns of wildfires and were able to distinguish the impact 

between human caused and natural lightning based wildfires in the western regions [11] . 

D.Oom [12] conducted Exploratory Spatial Data Analysis(ESDA) using MODIS active fire 

dataset for 2001-2009 at a global scale. They used Spatial auto correlation and mapped the 

regression diagnostics to identify false alarms and non-vegetation fires using the NASA MODIS 

active fire dataset. 

Cassandra Johnson et al [13] research explored the spatial association between social vulner

ability and smoke plume dispersion for thirteen southern states to identify clusters of hot spots 

where wildfire exposure to minority populations were examined. They found that socially vul

nerable communities were not exposed to non-socially vulnerable communities. 

Kushla and Ripple [14] used Landsat Thematic Mapper (TM) imagery to analyze landscape 

patterns and effects of wildfire on the habitat. Andrew Aldersley et al [15] used various regres

sion trees to quantify the statistical relationships between climate, anthropogenic activities with 

monthly acres burned and was able to quantify statistical relationship between these variables 

at a global scale. 

Marc G. Genton et al [16] analyzed the cause of wildfire at a spatial, temporal and spatial

temporal level for the state of Florida. Their analysis revealed that arson and lightning are a 

major cause of wildfires in that region. 

Thomas P.Holmes et al [17] conducted an statistical data analysis for large wildfires in south

ern sierra nevada mountains of California using extreme value covariate models. 
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In recent years, prescribed fires are increasingly being used for wildfire reduction purposes. 

There is a growing body of research that tries to quantify the effectiveness of prescribed fire 

in wildfire severity reduction. Even the Forest Management is moving away from the their 

strategy of 10am suppression effort to let a natural fire burn as managed prescribed fire in man

ageable weather conditions [18, 19]. A study on the eucalypt forest region in south-western 

Australia showed promising results in quantifying the effectiveness of prescribed burning in re

ducing the extent and size distribution [20, 21] . Owen et al [22] showed us that leverage is pro

portional to burn area and the effectiveness of prescribed fire in one biome differs from another 

biome. Furlaud et al [23] conducted a simulated three scenarios to look at the fire behaviour 

model with and without prescribed burning. They showed that prescribed fire had minimal ef

fect and to mitigate wildfires and we may need to burn a large area to affect fire behaviour. Cost 

of Prescribed burning are known to be affected significantly by managerial and institutional 

factors, like complying with smoke standards or minimizing the escape potential [10] . Cost per 

acre was reduced if larger unit are was burned which showed demonstrated the economies at 

scale [10, 8] . Estimating the cost for a prescribed burning per acre will be a start point for a com

prehensive cost benefit analysis of prescribed burn in different regions [8] . Cleaves conducted 

a data analysis to estimate the cost of prescribed fires at an average of 101.48 $[8], with high 

variability between different regions and different sub-types of prescribed burning. 

D.R. Brillinger e.t .al. [24] concentrates on building a probabilistic model to predict fire given 

explanatory variables. He used a generalized mixed effects model. His model used location and 

day of the year to develop a spatial risk map for the state of California. 

Adam et al [25] presented a novel method to estimate the effectiveness of investment in fire 

protection programs in different states and used the model to build a optimal resource allocation 

model to help in mitigating economic costs and saving lives. 

Zhuang et al [26] presented the total cost of fire in the United States for the years between 

1980 - 2014 by conducting an extensive literature review to ensure complete accounting of total 

losses and costs associated with fire and quantifying the impact of fire prevention investment 

in mitigation of losses. 

The FPA FOD [1] is a database that contains 1.88 million data points from 1984-2015 at the 

county,state level, including various temporal and spatial variables with which we will be able 

to extend the work done by P.J. Bartlein e.t. [11], to accurately investigate wildfires using Ex-
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ploratory Data Analysis in the USA. This research is mainly focused on characterizing the in

fluence of explanatory variables from the FPA FOD [1] and other variables collected for the 

research on wildfire occurrence and severity for different states in the United States. We also 

present a novel framework to identify the effectiveness of wildfire mitigation strategy such as 

prescribed fires and how this framework can be applied to objectively analyze applicable strat

egy in wildfire disaster management domain. 

The rest of the thesis is organized as follows : Section 2 - Data Description and Exploratory 

Analysis, Section 3 - Predictive Modelling of Wildfire acres: An Application to the State of Cal

ifornia, United States, Section 4 - A Data Driven Approach for Analyzing Effectiveness of Pre

scribed Fires as a Wildfire Risk Mitigation Strategy Section 5 - Conclusion and Future Research 

Directions 



Data Description and Exploratory 

Analysis 

2.1 Data Description 

The FPA FOD[l] data set publication is a database of wildfires that occurred in the United States 

between the time period of 1992 to 2015.lt contains the data the point location the shape file as 

well as the start and end date with the cause as well as acres and number of wildfires at the state 

and county level. It is the third update in a series of publication that was originally generated 

in the support of Fire Program Analysis (FPA) system which is a national effort in gathering 

information about wildfire occurence in the united States. This data set contains the wildfire 

records that were acquired from the reporting systems of federal, state, and local fire organiza

tions. It also contains the following important data elements for recording: discovery date, final 

fire size, and a point location to be at least as precise if not as Public Land Survey System (PLSS) 

section (1-square mile grid) . This data is transformed to be conforming, whenever possible, 

standards of the National Wildfire Coordinating Group (NWCG) as per their description. They 

did basic error-checking to remove and identified redundant records, to the degree possible. 

The resulting product, is referred to as the Fire Program Analysis fire-occurrence database (FPA 

FOO), which includes 1.88 million geo-referenced wildfire records, representing roughly of 140 

million acres burned during the 24-year period. 
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2.2 Interpretation of FPA FOO Data 

Wildfires spatial and temporal features is clearly understood from FPA FOD [1] guide. The 

database publication is available in Microsoft Access(accdb), ESRI ArcGIS geodatabase(gdb), 

PostgreSQL (pdg), or SQLite (sqlite) file . After careful consideration of the description and 

various variales, we selected the following items as key variables for its initial analysis. 

2.2.1 Temporal Variables 

Temporal Variables- Here Table 2.1 gives a description of temporal variables that will be used 

in the analysis. Using temporal variables we will be able to investigate a historical trend of fires 

on a daily, monthly, yearly basis for each state, county as required. 

Variable Description 
FIRE_YEAR Calendar year in which the fire was discovered or confirmed to 

exist. 
DISCOVERY_DATE Date on which the fire was discovered or confirmed to exist. 
DISCOVERY_DOY Day of year on which the fire was discovered or confirmed to 

exist. 
DISCOVERY_ TIME Time of day that the fire was discovered or confirmed to exist. 

CONT_DATE Date on which the fire was declared contained or other-
wise controlled(mm/dd/yyyy where mm=month, dd=day, and 
yyyy=year) . 

CONT_DOY Day of year on which the fire was declared contained or other-
wise con-trolled. 

CONT_TIME Time of day that the fire was declared contained or otherwise 
controlled(hhmm where hh=hour, mm=minutes) 

Table 2.1: Temporal Variables 

2.2.2 Spatial Variables 

Temporal Variables- Here Table 2.2 gives a description of Spatial variables that will be used in 

the analysis. Using Spatial variables we will be able to investigate a difference in trend of fires 

on a national, regional, state, county and agency level for each year, month, day and time of the 

day as required. 
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Variable Description 
LATITUDE Latitude (NAD83) for point location of the fire (decimal degrees) 

LONGITUDE Longitude (NAD83) for point location of the fire (decimal de-
grees) 

STATE Two-letter alphabetic code for the state in which the fire burned 
(or originated), based on the nominal designation in the fire re-
port 

COUNTY County, or equivalent, in which the fire burned (or originated), 
based on nominal designation in the fire report 

Geographic Area Two-letter code for the geographic area in which the unit is lo-
cated 

Gacc Two-letter code for the Geographic Area Coordination Center in 
which the unit is located or primarily affiliated 

Wildland Role Role of the unit within the wildland fire community 
Department Department to which the unit belongs 

Agency Agency to which the unit belongs 
Country Country in which the unit is located (e.g. US= United States) 

State Two-letter code for the state in which the unit is located (or pri-
marily affiliated) 

Table 2.2: Geo Spatial Variables 

2.2.3 Fire Size Class 

Code and definition for classifying a fire into one of several ranges of fire size based on the 

number of acres within the final fire perimeter as shown in Table.??. 

Code Description 
A reater than Obut less than or equal to 0.25 acres 
B 0.26-9.9acres 
C 10.0-99.9 acres 
D 100-299 acres 
E 300 to 999 acres 
F 1000 to 4999 acres 
G 5000+ acres 

Table 2.3: Fire Size Class 

2.2.4 Vairables for Land Responsbility 

Geographic Area is two-letter code for the geographic area in which the unit is located as show 

in Table 2.4. 

GACC is two-letter code for the Geographic Area Coordination Center in which the unit is 

located or primarily affiliated with as show in Table 2.5 
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Code Description 
NA National 
IN International 
AK Alaska 
CA California 
EA Eastern Area 
GB Great Basin 
NR Northern Rockies 
NW Northwest 
RM Rocky Mountain 
SA SouthernArea 
SW Southwest 

Table 2.4: Geographic Area Code 

Code Description 
FC National Inter-agency Coordination Center 
AK Alaska Inter-agency Coordination Center 
NO Northern California Area Co-ordination-Center 
so Southern California Coordination Center 
EA Eastern Area Coordination Center 
EB Eastern Great Basin Co-ordination Center 
WB Western Great Basin Co-ordination Center 
NR Northern Rockies Coordination Center 
NW Northwest Area Co-ordination Center 
RM Rocky Mountain Area Coordination Center 
SA Southern Area Coordination Center 
SW Southwest Area Coordination Center 

Table 2.5: Geographic Area Coordination Center: GACC 

Department code in the Table 2.6 contains the code for different departments under which 

the land was where the fire took place or the department which responsible for taking care of 

the wildfire 

Table 2.6: Department Responsible for Land Management. 

Department 

Code Description 

DOD Department of Defense 

DOE Department of Energy 

DOL Department of Labor 

DHHS Department of Health and Human Services 
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Continuation of Table 2.6 

Code Description 

NASA National Aeronautics and Space Administration 

NHS National Homeland Security 

TNC The Nature Conservancy 

Tribe Tribe 

TVA Tennessee Valley Authority 

USDA Department of Agriculture 

USDC Department of Commerce 

USDI Department of Interior 

AK Alaska 

AL Alabama 

AR Arkansas 

AZ Arizona 

CA California 

co Colorado 

CT Connecticut 

DC District of Columbia 

DE Delaware 

FL Florida 

GA Georgia 

HI Hawaii 

IA Iowa 

ID Idaho 

IL Illinois 

IN Indiana 

KS Kansas 

KY Kentucky 

LA Louisiana 

MA Massachusetts 
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Continuation of Table 2.6 

Code Description 

MD Maryland 

ME Maine 

MI Michigan 

MN Minnesota 

MO Missouri 

MS Mississippi 

MT Montana 

NC North Carolina 

ND North Dakota 

NE Nebraska 

NH New Hampshire 

NJ New Jersey 

NM New Mexico 

NV Nevada 

NY New York 

OH Ohio 

OK Oklahoma 

OR Oregon 

PA Pennsylvania 

RI Rhode Island 

SC South Carolina 

SD South Dakota 

TN Tennessee 

TX Texas 

UT Utah 

VA Virginia 

VT Vermont 

WA Washington 
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Continuation of Table 2.6 

Code Description 

WI Wisconsin 

WV West Virginia 

WY Wyoming 

AS American Samoa 

FM Federated States of Micronesia 

GU Guam 

MH Marshall Islands 

MP Northern Mariana Islands 

PR Puerto Rico 

PW Palau 

UM U.S. Minor Outlying Islands 

VI Virgin Islands of the U.S 

End of Table 

Table 2.7: Agency Responsible for Land Management. 

AGENCY 

Code Description 

BIA Bureau of Indian Affairs 

BLM Bureau of Land Management 

BOR Bureau of Reclamation 

DOD Department of Defense 

DOE Department of Energy 

FAA Federal Aviation Administration 

FEMA Federal Emergency Management Agency 

FS Forest Service 

FWS Fish & Wildlife Service 

NASA National Aeronautics and Space Administration 

NSA National Nuclear Security Administration 
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Continuation of Table 2.7 

Code Description 

NPS National Park Service 

NWS National Weather Service 

NBC National Business Center 

TVA Tennesse Valley Authority 

USAF United States Air Force 

USA United States Army 

USACE United States Army Corps of Engineers 

USCG United States Coast Guard 

uses Geological Survey 

USN United States Navy 

AG Air Guard 

APHIS Animal and Plant Health Inspection Service 

FFC Bureau of Forest Fire Control 

DOA Department of Agriculture 

DOC Department of Conservation 

DC Department of Corrections 

DOF Department of Forestry 

DL Department of Lands 

DMA Department of Military Affairs 

DNR Department of Natural Resources 

DNRF Department of Natural Resources Forest Service 

DNRC Department of Natural Resources and Conservation 

DFE Division of Forest Environment 

DFR Division of Forest Resources 

DVF Division of Forestry 

DFF Division of Forestry Fire & State Lands 

DFL Division of Forests and Land 

FFP Forest Fire Protection 
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Continuation of Table 2.7 

Code Description 

FFS Forest Fire Service 

FR Forest Rangers 

FC Forestry Commission 

HQ Headquarters 

NG National Guard 

OES Office of Emergency Services 

OF Office of Forestry 

SFS State Forest Service 

SF State Forestry 

SP State Parks 

C&L County & Local 

CDF California Department of Forestry & Fire Protection 

JC Job Corps 

End of Table 

2.2.5 Data Cleansing and Visualization 

The initial FPA FOD data was in sqlite format . This raw sqllits data is imported using R pack

ages Rsqlite and dbplyr. The wildfire data for all the states in Unites States for the years between 

1992 and 2015 are generated. For the preliminary analysis. The historical data for the years 1994-

2014 is aggregated from individual years and the trends over years are visualized. 

2.3 Wildfires Temporal Analysis 

As an initial step, the acres of wildfires for each year is analyzed and a plot is made. From 

the Figure 2.la, it is seen that acres of wildfires ran between 2.5 million acres to 10 million 

acres.There is a large upward trend during this time period. It can also be seen from Figure 

2.2a that the number of wildfire has been between 60 thousand to 100 thousand with a small 

upward trend for the given time period. We conduct another analysis between different type of 
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fire according to its Fire- Size Class from Table 2.3. From this we see that the overall trend for 

Fires of Fire Size Class A, B, C, D, E, Fis about the same for the given time period. For Fire Size 

Class G (Fire Size Acres > 5000) in Figure 2.2h we see a clear upward trend signifying that for 

the given time period, the number of larger wildfires has clearly increased. The number of Fires 

of Fire Size Class G ranges between 100-300 per year for the given time period. 

2.3.1 Wildfire Monthly Trend (Numbers and Acres) 

The monthly acres of wildfires in United States, is presented in the Figures 2.3a and 2.3b respec

tively. From these Figures we can see that time series trend has a seasonal pattern for acres and 

numbers of fires . The acres of fires . Acres of fires ranged between 1 million acres to 2 million 

acres for the time period between 1992-2004. For the time period between 2005-2015, there is a 

significant increase in the acres burned by wildfires as can be seen from Figure 2.3a. The number 

of large wildfires range between 25 at the peak of the season to about 125 as can be seen from 

Figure 2.3b. There is a clear trend in the increase in the acres and number of large wildfires of 

Class G (Fire Size > 5000 Acres). 

2.3.2 Fire Season 

Wildfire season is generally defined as the time period between the years first and last large 

wildfires. This Figure 2.4a and 2.4b highlights the length and the intensity of wildfire in acres 

and number for U.S. as a region. Local wildfire seasons vary by location. Looking at the Figure 

2.4a we can clearly see that the number of Wildfires increases in the months 6-8 and account 

for almost all of the acres burnt for the given time period. with the month of June having three 

significant outliers that burnt more than 0.5 million acres burnt. The boxplot in Figure 2.4b 

shows that number of wildfires have two increases in the first few months and decreases in the 

month of May - June and then increases again in the month of July with a decreasing trend in 

numbers. Comparing both the figures we can see that during the start of the year even though 

there are increasing number of wildfires their acres burnt is significantly less. 
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Figure 2.3: Wildfires Monthly Trend (Acres Numbers) 
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Figure 2.4: Fire Season Box Plot 

2.4 Wildfires Spatial Analysis 

We conducted an initial exploratory analysis for wildfires for the time period (1992-2015). The 

data was aggregated in numbers of wildfires greater than 5000 acres 2.5 and was aggregated 

in terms of acres of wildfires for fire records greater than 5000 acres 2.6. It is evident that the 

western states such as California, Oregon, Idaho have seen significant numbers and acres of 

wildfires. These Figures [2.5 ,2.6] , show us a comparison of wildfires numbers and acres for 

different states and regions in the United States. Nationally, the extent of fire acres burnt varies 

significantly on a spatial level with western states such as California, Oregon, Idaho having ex

perience the largest relative area burned by wildfires. To be effective across diverse regions and 

conditions USA, fire policy could use this insight to better recognize and respond to US forests 

and how they have burnt in the past. This analysis determines that there is high geographical 

diversity on wildfire occurrence and causes. 
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Figure 2.5: US Wildfires Map Numbers 

2.5 Causes of Wildfires 

Using the FPA FOD [1] we can objectively analyze the cause of the wildfires into different groups 

as seen in Figures 2.7 and 2.8. From these figures we see that a major cause of Wildfire in the 

United States is due to Lightning as seen in Figure 2.7. The Figure 2.8 shows us a yearly trend of 

wildfires with Acres burnt stacked according to their causes. We see that in recent years wildfire 

acres for lightning has increased by a significant factor in the last two decades. This data set is 

decisive to understand patterns of fire occurrence and improve fire prevention measures. For 

the time period between 1992-2015 approximately 70% of wildfire acres burnt were caused by 

lightning, while the remaining 30% of wildfires were caused by humans either by negligence 

or intentionally started. Recognizing, the causes we can derive useful recommendations for 

wildfire management. Lightning strikes are stochastic in nature, making it difficult for fire man

agers to forecast areas of higher ignition potential. Strategically placed area treatments such as 

prescribed fires may be an effective strategy in reducing the acres burned by lightning fires 
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Figure 2.6: US Wildfires Map (Acres) 
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Predictive modelling of wildfire 

acres: An application to the state of 

California, United States 

3.1 Abstract 

Wildfire activity is widely known to have increased in recent decades in the western part of the 

United States. Wildfires are integral to many ecosystems around the world. The link between 

climate and weather variables with wildfire acres has been widely studied. Several studies 

show that area burned correlated with climate variables such as air temperature, which leads to 

increased concern over potential impact of climate change on wildfire severity. Unlike previous 

approaches, we leveraged non-linear statistical learning methods to develop predictive models 

for wildfire acres to understand the relationship between weather, climate and wildfires. Our 

analyses were implemented for the state of California, one of the most wildfire intensive states 

with geographic and demographic vulnerability to climatic change. Our results indicate that 

the method of Bayesian additive regression trees (BART) best captures the structure of the data. 

We conclude that DX70 is a more suitable predictor of wildfire acres compared to the TMAX 

approach. The fits appear to be reasonable, however, there is a need for additional explanatory 

variables to explain variance in wildfire acres burnt. 
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3.2 Introduction 

Climate and weather play an important role in shaping the wildfire acres burnt in the state 

of California. Wildfire acres and numbers of Fire Size Class (G) as described in Table?? has 

increased significantly in the last two decades, as can be seen in Figure3.la 3.lb. Wildfire Risk 

and their economic impacts pose a challenge in the domain of disaster management to local, 

state and federal authorities in California, which have known to be spending 2 $1 billion a year 

in suppression costs of wildfires. This challenge is likely to increase with climate change and 

continued economic and population density of the state. As California increases its gross state 

product(GSP) with that there is a growing influx of population in the state of California which 

brings in more people under the risk of a devastating fire in the Wildfire Urban Interface. One of 

the major environmental concerns in California is the occurrence of devastating forest wildfires, 

namely the recent major wildfires namely,Camp Fire and Woosley Fire in November 2018 burnt 

2 150,000 acres of land, 85 civilian and, 2 18000 structures destroyed and an economic loss of$ 

4 billion to $6 billion making it one of the most devastating and deadliest fires in the history of 

the State. Although the number of wildfires observed is not statistically different from previous 

years, but we are observing an increase in the area burned by wildfires. It is well known that 

forest fires tend to be concentrated in summer months when temperature is high. In the age of 

big data it is become much easier to analyze the relations ship between wildfire occurrence and 

weather variables detailed that which is readily available from NOAA and NCDC. 

We used various supervised machine learning and statistical learning algorithms to develop 

a regression model to estimate the acres of fires occurring in any given month as a function 

of climate, weather, population density and economic variables. The models performance was 

assessed on their predictive accuracy and goodness-of-fit. We selected the best model which 

was able to generalize the data well. The selected model was used to understand the climate 

sensitivity of the wildfire acres burnt in the state of California. This model was estimated by 

aggregating the FPA FOD data and combining it with Weather, Climate, Economic Variables. 

In this analysis we sought to develop a analytic framework and modeling approach to be

gin quantifying how wildfire risk will change under different climatic conditions. Increase in 

wildfire acres is not the only metric by which climate changes impacts on wildfire could be as

sessed. Changes in the frequency and occurrence of larger wildfires, could also be attributed to 

https://Figure3.la
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Figure 3.1: Wildfire Trend (California) 

increased human activities, fuel accumulation and may contribute to increase wildfire severity. 

The sensitivity of climate variables on economic and ecological losses is beyond the scope of 

this work. We suspect that increased acres burned and severity of losses would be positively 

correlated. 

We selected California (CA) as a case study because the state has notable wildfire activity 

which can be attributed to climate and weather. While this work focuses on California, the 

methodologies described here are generally applicable to modeling wildfire risk in different 

state and weather / climate scenarios. 

3.3 Literature Review 

Several studies have focused on modeling the effect of climate variability and climate change 

on the severity of wildfire acres and probability of large wildfire ([27] ,[28],[29],[30]). A number 

of studies focused on establishing a link between wildfire acres and climate. There is a dearth of 

literature focusing on wildfire acres burnt to weather and climate change, there has been some 

interesting studies focusing on impact of climate change on wild-land fire. Fried [30] analyzed 

wild-land fire and suppression effectiveness in Northern California using climate scenario and 

suppression models. Flannigan and Van Wagner [27] investigated the future impact of postu

lated warming using 2 x CO2 levels for Canada. 

Westerling and Bryant [28] conducted a scenario based sensitivity analysis for wildfire risk 

on GFDl and PCM global climate models and A2 and Bl emissions scenarios. Their results 
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found higher temperatures to be correlated with large fire frequency. 

Josep Pinal, Jaume Terradas and Francisco [29] calculate wildfire hazard indices based on 

climate/weather data. The authors concluded that annual data on wildfire numbers and acres 

burned showed a significant increase and are correlated to hazard indices. A drawback of their 

study is that they did not consider human activities and fuel accumulation as a likely contributor 

to the observed increase in wildfires. 

Westerling and Hidalgo [31] systematically documented regional changes in wildfire due to 

degree of climate change. Their research shows fire risks to be strongly correlated with increased 

summer and spring temperatures rather than land-use histories or elevation levels. 

Junlin [32] developed a Random Forest model to predict the estimated loss of structural fires 

using Climate and weather data 

3.4 Input Data Preparation 

The categories of input variables are discussed below. The data described pertains to the state 

of California. It can be classified into three categories of (i) state-level wildfire acres data; (ii) cli

mate data; and (iii) weather data. Wildfires acre data was obtained by filtering and aggregating 

data from FPA FOD [1]. Weather and climate data was obtained at the monthly scale directly 

from the source. The data presented is included in a single excel file containing 48 variables. 

The variable measures are given in both Metric System of Measurement and Imperial System 

of Measurement. The data on wildfire acres , climate and weather were obtained from vari

ous publicly available data sources such as National Oceanic and Atmospheric Administration 

(NOAA), National Climatic Data Center (NCDC) . The data spans from 1992-2015. The monthly 

wildfire acres data was trend-adjusted. The monthly weather data obtained from various sta

tions was station averaged and aggregated to monthly level data. All the variables were then 

aggregated using the year and months as the nexus. 

3.4.1 Value of the Data 

• This data-set can be used for estimating the climate sensitivity of wildfire acres in Califor

nia, US 
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• It can also be used to estimate the risks for wildfire under climate variability and change 

• The aggregated and filtered data on wildfires, climate and weather variability can also be 

used by the scientific community to test various hypotheses of interest. 

• It can also be used by researchers and data analysts who wish to leverage statistical or 

econometric modeling techniques to characterize climate-wildfire nexus 

3.5 Variable Processing 

The kernel distributions of the wildfire acres are depicted in Figures 3.2 and 3.3. It is evident 

form the distribution that the variable is normally distributed after log transforming it. These 

plots produce a smooth curve estimating the probability density function of a continuous vari

able. Wildfire Acres varies seasonally over the months indicating climate sensitivity of wildfire 

Figure 3.4. The graphs indicate that in California most of wildfires happen during the summer 

months while during January-April and during Nov-December we see the lowest acres burnt 

due to wildfires. 

3.5.1 Variable Transformation 

There are many reasons to transform data as part of regression analysis namely, to achieve lin

earity, to achieve homogeneity of variance, to achieve normality, about the regression equation. 

The distribution of the response variable as can be seen in Figure3.2 is skewed to the left. Trans

forming it with the logarithmic function (ln), will result in a more "normal" distribution as can 

be seen in Figure 3.3. 

3.6 Variable Selection Problem 

Often, theory and experience give only general direction as to which of a pool of candidate vari

ables (including transformed variables) should be included in the regression model. The actual 

set of predictor variables used in the final regression model must be determined by analysis of 

the data. Determining this subset is called the variable selection problem. There are several 
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Table 3.1: Variable descriptions as contained in the dataset part 1 

Variable types Variable 
names 

Wildfire Acres Acres 

Computed CLDD 

HTDD 

DX32 

DX70 

DX90 

DTO0 

DT32 

DP0l 

DPlO 

Evaporation MXPN 

MNPN 

EVAP 

Land HX0l 

HN0l 

LX0l 

LN0l 

MX0l 

Description 

Acres burnt in (thousands of acres) 

Cooling degree days (Baseline= 18.3 ° C) 

Heating Degree Days (Baseline= 18.3 ° C) 

No. of days in a month with maximum tem
perature :::; 0°C (32 °F) 

No. of days in a month with maximum tem
perature :::; 21.1°C (70°F) 

No. of days in a month with maximum tem
perature :::; 32.2°C (90°F) 

No. of days in a month with minimum tem
perature ::::: 0.0°F 

No. of days with minimum temperature:::; to 
32.0 °F 

No. of days with~ to 0.1 inch of precipitation 

No. of days ~ to 1.0 inch of precipitation 

Monthly average of maximum temperature 
of water in an evaporation pan °F 

Monthly average minimum temperature of 
water in an evaporation pan °F 

Evaporation of water from evaporation pan 
in (mm) 

Highest maximum soil temperature for 2 
inches or 5 centimeters depth for the month 
in op 

Highest minimum soil temperature for 2 
inches or 5 centimeters depth for the month 
in op 

Lowest maximum soil temperature for 2 
inches or 5 centimeters depth for the month 
in op 

Lowest minimum soil temperature for 2 
inches or 5 centimeters depth for the month 
in ° F 

Monthly Mean of daily maximum soil tem
perature for 2 inches or 5 centimeters depth 
in ° F 
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Table 3.2: Variable descriptions as contained in the dataset part 2 

Variable types 

Land 

Precipitation 

Air Temperature 

Wind 

Variable 
names 

MNOl 

EMXP 

EMSD 

EMSN 

DSND 

DSNW 

PRCP 

SNOW 

TAVG 

CDSD 

EMXT 

EMNT 

HDSD 

TMAX 

TMIN 

AWND 

WSFG 

WDMV 

Description 

Monthly Mean of daily minimum soil tem
perature for 2 inches or 5 centimeters depth 
in ° F 

Extreme maximum precipitation for the pe
riod inches 

Extreme maximum snow depth for the pe
riod (inches/mm) 

Extreme maximum snowfall for the period 
(inches/mm) 

Number days with snow depth 2 1 
inch(25.4mm) 

Number days with snow depth 2 1 inch 

Precipitation (inches/mm) 

Snowfall (inches/mm) 

Average Temperature °F 

Cooling Degree Days(season-to-date) (Base
line = 18.3 (°C 

Extreme Maximum daily temperature ob
served in a month (°C, °F) 

Extreme Minimum daily temperature ob
served in a month (°C, °F) 

Heating Degree Days (season-to-date) (Base
line = 18.3 (°C 

Average of daily maximum temperature °F 

Average of daily minimum temperature °F 

Average Wind Speed (miles/hr) 

Peak gust wind speed (miles/hr) 

Total wind movement (miles) 
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Model Specifications Table Description 

Subject Area Wildfire Acres and Climate variables in California 

More specific subject area Wildfire Acres, Climate Change 

Type of data Table, csv file 

How data was acquired Using different publicly available data-sets such 
as: (i) National Oceanic and Atmospheric Admin
istration (NOAA); National Climate Data Center 
(NCDC) 

Data format Raw, Aggregated, Filtered 

Experimental features Statistical analysis of the data leveraging a range of 
parametric and non-parametric learning techniques 
to estimate the complex relationship between wild
fire acres and, climate non-stationary and climate 
change 

Data source location California, United States 

Data accessibility Data is available within this article in the link pro
vided 

Table 3.3: Model Specifications Table 

other methods for variable selection, namely, the step wise and best subsets regression. In the 

presence of many predictors (large p) it is often not clear which of them are most relevant in 

the relationship with the response. This makes the interpretation fogy and unclear. The most 

common solution to this problem is to choose a subset of predictors, which appear to be most 

important, based on trial and error using p-values to guide whether a variable should be in 

the model or not. Forward and backward selection procedures are examples for these. Finding 

the best subset of regressor (independent) variables involves two opposing objectives. First, we 

want the regression model to be as complete and realistic as possible. We want every regres

sor that is even remotely related to the dependent variable to be included. Second, we want to 

include as few variables as possible because each irrelevant regreessor decreases the precision 

of the estimated coefficients and predicted values. The presence of extra variables increases 

the complexity of data collection and model maintenance. The goal of variable selection be

comes one of the mot important aspect. Achieving a balance between simplicity and fit . These 

search procedures will often find very different models. Outliers and collinearity can cause this . 

If there is very little correlation among the candidate variables and no outlier problems, the 
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Density Plot: Acres 
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Figure 3.2: Kernel Distribution of Wildfire Acres 

four procedures should find the same model. In step wise regression, the selection procedure 

is automatically performed by statistical packages. The criteria for variable selection include 

adjusted R-square, Akaike information criterion (AIC), Bayesian information criterion (BIC), 

Mallows's Cp, PRESS, or false discovery rate (1,2) . Main approaches of step-wise selection are 

the forward selection, backward elimination and a combination of the two. The procedure has 

advantages if there are numerous potential explanatory variables, but it is also criticized for 

being a paradigmatic example of data dredging that significant variables may be obtained from 

"noise" variables. 

While stepwise regression select variables sequentially, the best subsets approach aims to 

find out the best fit model from all possible subset models. If there are p covariates, the num

ber of subsets is 2P. In our case we have upwards of 40 variables which would mean about 

1,099,511,627,776 possible combinations. If each combination would take 1 second to compute, 

we would need 34,865 years to see through all combinations. If we optimized the computational 

time from 1 second to 0.1 second, we would still need upwards of 3486 years to find all com-
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Density Plot: Log(Acres) 
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Figure 3.3: Kernel Distribution of Wildfire log(Acres) 

binations. Hence a variable selection approach like backward selection, step-wise regression 

selection method would be appropriate to use in our problem. 

3.6.1 Stepwise Selection 

The stepwise regression (or stepwise selection) consists of iteratively adding and removing pre

dictors, in the predictive model, in order to find the subset of variables in the data set resulting 

in the best performing model, that is a model that lowers prediction error. Stepwise selection 

is a combination of forward and backward selection. We can begin with the full model. Full 

model can be denoted by using symbol " ." on the right hand side of formula. 

3.6.2 Forward (Step-Up) Selection 

This method is often used to provide an initial screening of the candidate variables when a 

large group of variables exists. For example, suppose you have fifty to on hundred variables 
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Monthly Acres of Wildfires for California (1992-2015) 
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Figure 3.4: Seasonal variation of Wildfire Acres 

to choose from, way outside the the realm of the all-possible regressions procedure. A reason

able approach would be to use this forward selection procedure to obtain the best ten to fifteen 

variables and then apply the all-possible algorithm to the variables in this subset. This proce

dure is also a good choice when multicollinearity is a problem. In Step Forward Selection, the 

model begins with just the intercept and then sequentially adds the effect that most improves 

the fit. The process terminates when no significant improvement can be obtained by adding any 

effect. At each step, select the candidate variables that increases the R-squared the most. Stop 

adding variables when none of the remaining variables are significant. Once a variable enters 

the model, it cannot be deleted. 

Table 3.4: Step Forward Regression Results. 

Predictors Dependent variable: 

acres 
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DX70 -0.153 

(0.149) 

PRCP -0.774*** 

(0.197) 

MNPN -0.182** 

(0 .077) 

unemployment.rate -0.392** 

(0 .157) 

EMXT 0.123*** 

(0.041) 

LX0l 0.099** 

(0.042) 

MXPN -0.264*** 

(0.058) 

DPlO 0.750*** 

(0.167) 

EMXP 0.741 

(0.469) 

EVAP 0.490*** 

(0.132) 

DX32 -0.156 

(0.519) 

LN0l -0.021 

(0.022) 

DT32 0.632*** 

(0.222) 

HTDD -0.011 

(0.009) 

unemployment 0.00000** 
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(0.00000) 

DX90 -0.817*** 

(0.253) 

TMAX 0.605** 

(0.243) 

CLDD 0.020* 

(0.011) 

HX0l -0.096** 

(0.043) 

MX0l 0.108 

(0.072) 

Constant -20.646 

(15.815) 

Observations 232 

R2 0.824 

Adjusted R2 0.807 

Residual Std. Error 1.186 (df = 211) 

F Statistic 49.238*** (df = 20; 211) 

Note: *p < 0.l; **p < 0.05; ***p < 0.01 

The Figure3.5 shows that model is well-behaved. The variance of the error terms are equal. 

No residuals stands out from the basic random pattern of residuals, suggesting that there are no 

outliers. A Q-Q plot such as in Figure3.6 is a graphical tool to help us assess if a set of data plau

sibly came from some theoretical distribution such as a Normal or exponential. We can infer that 

our distribution is normally distributed thin-tailed , indicating that there is more data concen

trated in the center of the distribution and less data in the tails. The model gave us 23 predictor 

variables out of 42 variables from which (MX01,DT32,HTDD,DP01,MXPN,EVAP,LN01,SNOW) 

were found to be statistically significant. From figure 3.7 and 3.8 we observe that the R-square 

value increased from less than 0.75 to greater than 0.84, similarly the Adj R-square value in

creased where as the AIC value decreased significantly as the model selected or removed vari-
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ables in the procedure. The AIC value decreased significantly from 560 to about 500. 

3.6.3 Backward Elimination (Step-Down) Selection 

This method is less popular because it begins with a model in which all candidate variables 

have been included. However, because it works its way down instead of up, you are always 

retaining a large value of R-squared. The problem is that the models selected by this procedure 

may include variables that are not really necessary. The backward selection model starts with 

all candidate variables in the model. At each step, the variable that is the least significant is 

removed. This process continues until no significant variables remain. 

The Figure3.9 shows that model is well-behaved. The variance of the error terms are equal. 

No residuals stands out from the basic random pattern of residuals, suggesting that there are 

no outliers. A Q-Q plot such as in Figure3.10 is a graphical tool to help us assess if a set of 

data plausibly came from some theoretical distribution such as a Normal or exponential. We 

can infer that our distribution is normally distributed thin-tailed , indicating that there is more 

data concentrated in the center of the distribution and less data in the tails . The model gave us 

25 predictor variables out of 42 variables that were found to be statistically significant. From 

figure 3.7 and 3.8 we observe that the R-square value for training set increased from less than 

0.75 to greater than 0.84, similarly the Adj R-square value increased where as the AIC value 

decreased significantly as the model selected or removed variables in the procedure. The AIC 

value decreased significantly from 560 to about 500. 

Table 3.5: Step Backward Regression Results. 

Dependent variable: 

acres 

unemployment.rate -0.106** 

(0.044) 

CDSD 0.0005 

(0.0003) 

CLDD 0.030** 

https://Figure3.10
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(0.012) 

DPlO 0.774*** 

(0.165) 

DSND 0.181 ** 

(0 .080) 

DT32 0.381 *** 

(0 .144) 

DX32 -1.101 ** 

(0.493) 

DX90 -0.828*** 

(0 .210) 

EMNT -0.082 

(0.055) 

EMSD -0.041 

(0.038) 

EMSN -2.876*** 

(0 .771) 

EMXP 1.739*** 

(0.508) 

EMXT 0.124*** 

(0 .043) 

EVAP 0.286** 

(0 .135) 

HDSD 0.0002 

(0.0002) 

HX0l -0.113** 

(0 .043) 

LN0l -0.034 

(0.022) 

LX0l 0.138*** 
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MNPN 

MX0l 

MXPN 

PRCP 

SNOW 

TMAX 

Forest.Acres 

Constant 

Observations 

R2 

Adjusted R2 

Residual Std. Error 

F Statistic 

Note: 

3.7 Multicollinerity 

(0.045) 

-0.217*** 

(0.078) 

0.118* 

(0.071) 

-0.198*** 

(0.063) 

-1.095*** 

(0.213) 

0.957*** 

(0.275) 

0.542*** 

(0.094) 

-21.660*** 

(6.610) 

232 

0.833 

0.813 

1.167 (df = 207) 

42.896*** (df = 24; 207) 

*p < 0.l; **p < 0.05; ***p < 0.01 

Multicollinearity can be defined as the existence of strong correlations among the independent 

variables. From Figure(3.13,3.14,3.15,3.16, 3.17,3.18) we see that many predictor variables are 

highly correlated. In order to construct a better model, we tend to collect as many metrics 

https://3.17,3.18
https://Figure(3.13,3.14,3.15,3.16
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that are relevant to predict wildfire acres as possible. This often causes serious multicollinear

ity in data-sets. There are several ways to detect multicollinearity. To calculate the degree of 

multicollinearity, we use variance inflation factor (VIF) to detect multicollineraity. Variable se

lection (using information gain, variable redefining, and biased estimation are three main kinds 

of methods to deal with multicollinearity problems. The correlation analysis and selection of 

the final variables to be included in the analysis were performed in the following steps: 

• Separate correlation analysis were performed for the wildfire acres, with different sub 

groups of weather variables and only one of the highly correlated variables (with a thresh

old set to a 2 0.6 Pearson correlation coefficient) was chosen from the group. We con

ducted this process multiple times and only the variables that yielded the best goodness

of-fit were selected finally. 

• The selected variables from step(i) were then combined with economic variables to iden

tify the correlated variables from the dataset. 

• We finally, selected the model by selecting correlated variables at a time and only those 

that gave best results in terms of model accuracy were considered as the final ones. The 

distribution and correlation coefficients of the selected variables can be seen if Figure3.19 

3.7.1 Distribution and Correlation of the Variables used for Modeling 

The final variables selected for developing the models include DX70, PRCP and UNEMP [see 

Table3.1,3.2]. The relation ship between all the selected predictor variables and the response 

variable - wildfire acres burnt, are plotted in the last row of the performance analytic graphs 

(Figure3.19). We selected this model by removing variables that were multicollinear. We first 

selected the best variable to from Air Temperature Variables 3.17. We found that although air 

temperature variables like TMAX, EMXT, have high predictive power, these variables are highly 

collinear with land temperature variables, evaporation variables, precipitation variables and 

computed variables. We then compared other variables and selected only those variables whose 

predictive power and multicollinearity law was not violated. We concluded that DX70 (no. of 

days with maximum temperature greater than 70) captures the air, land temperature as this 

variable was found to be highly correlated with air temperature and land temperature variables. 

https://Figure3.19
https://Figure3.19
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Also, PRCP, was found to be a good predictor as less PRCP would correlate with drier seasons 

and larger wildfires. We selected unemployment as a control variable to represent the economic 

health of a state as well as the population, population density of the state. Controlling for 

unemployment was deemed essential for California as it is a dynamic variable, changing over 

the years. 

3.8 Methodology 

We trained the data with selected variables with a range of supervised learning models to inves

tigate wildfire acres burned and its sensitivity to climate variables. Supervised learning methods 

guides the learning process by targeting a variable of interest. The objective of supervised learn

ing methods is developing a predictive model that would best capture the data and minimize 

the loss from the observed values. Supervised statistical learning methods for Linear and non 

regression can be parametric, semi-parametric or non-parametric. A particular functional form 

is generally assumed that would relate the input variable to the response. There is an ease of 

model interpret-ability estimation with the assumptions for parametric models. But this ease in 

estimation and model interpret-ability, often comes at cost of predictive power which is inferior, 

since the assumptions for parametric models are not true for the real data. Non-parametric mod

els have superior predictive power but it comes at the reduced cost of model interpret-ability. 

Semi parametric models are more interpret-able than non-parametric models and have a higher 

predictive power compared to parametric models. We trained our data with various supervised 

learning algorithms such as stepwise selection, lasso, ridge , tree based models such as CART, 

decision tree, random forest and Bayesian additive regression tree (BART) . We used BART as it 

was found to best capture the climate sensitivity of wildfire acres burnt and we leveraged it to 

develop our final model. 

3.8.1 Bayesian Additive regression trees (BART) 

Bayesian additive regression trees (BART) is a non parametric supervised machine learning ap

proach. It estimated the response variable by leveraging sum-of-trees. The data space is splitted 

recursively into sub-regions and a simple model is fitted (for e.g., response average). The co

variates is fitted at each node for the best value to split upon. The model estimates consists of 
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summation of m trees as shown below. 

y = CL~ 1g(x;Tj,Mj) + €,€ rv N(O,CT2
) 

where g(x; T, M) is the function that assigns the parameters of the nodes of tree T, vi E M 

to the predictors X· Model complexity is controlled using regularization priors such that each 

tree partially contributes to the final predictions. BART is a fully probabilistic approach to yield 

full distribution of the predicted response values, has great predictive power and is robust to 

outliers [33] . 

3.8.2 Partial Dependence Plots(PDPs) 

PDPs are efficient methods used for conducting variable inference for non-parametric models. 

They help in understanding the individual effects of the predictor variables Xj in ceteris paribus 

condition (i.e., controlling for all the other predictors) . Mathematically, the estimated PDP is 

given as [33]: 

Jj(Xj) = l/n'L1!=1h(Xj,X- j,i) 

Here, Jdenotes the statistical model; n denotes the number of observations in the training 

dataset; X-j denotes all the variables except Xj· The estimated PDP of the predictor Xj provides 

the average value of the function J when X-j is fixed and Xj varies over its marginal distribution. 

3.8.3 Bias - Variance Tradeoff 

A predictive model that can make good predictions on a independent test sample has good 

generalization performance. The key to minimize generalization error is to have a good bias

variance trade-off [34] . A widely used method for balancing bias-variance trade off is Cross 

Validation. To estimate predictive accuracy we used the method of k-fold cross validation. The 

data is randomly divided into k equally sized subsets. At each iteration, the model is fitted 

excluding the k-th subset and the model accuracy is calculated by predicting the accuracy of the 

k-th held out subset. We estimated the out-of-sample model performance using a 10 % holdout 

cross validation. 
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Table 3.6: Model Comparison 

Model AdjustedR2 RMSE MAE 
Full Linear Model 0.569 1.74 1.43 
Step-Forward 0.6757 1.47 1.25 
Step-Backward 0.6105 1.64 1.36 
Step-Wise 0.711 1.365 1.126 
Ridge Regression 0.73 1.30 1.025 
Lasso Regression 0.63 1.57 1.30 
Elastic Net Regression 0.62 1.59 1.33 
Selected Variables Regression 0.71 1.36 1.06 

Table 3.7: Model Comparison Tree Based Models 

Model RMSE 
CART 1.21 
Bagging 1.41 
RF 1.42 
Boosting 1.59 
BART 1.40 

3.8.4 Results 

We developed a predictive model for each sector to predict the expected wildfire acres burnt 

using climate and weather variables. We selected DX70 as the predictor variable to account 

for the overall temperature of the state and PRCP to account for the overall amount of moisture 

content. Final model selection, model diagnostic and inference are given in detail below. Details 

of all the various are included in Table3.6 and 3.7. 

Model Performance 

Table 3.6 and 3.7 summarize the model results for wildfire acres burnt with regression and 

tree based models. In Table3.6 the Adjusted R square, RMSE and MAE values are provided 

for each of the models. In Table?? only their RMSE value for each of the models is provided. 

These values were calculated first by training the data on training set and using 35% of test 

data on which the models were validated. This was done to ensure that the models were able 

to generalize. All thought step wise, ridge regression have better Adjusted R square , RMSE 

and MAE values compared to the selected model, they have the problem of multi collinearity 
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and hence their estimates are heavily biased. We won't be able to interpret the results of these 

algorithms. We select our final selected variables using DX70, PRCP unemployment as it over

comes the issue of multicollinearity. DX70 and PRCP is able to account for land, air temperature 

, evaporation and computed variables as these variables are highly correlated. 

3.8.5 Model Diagnostics 

Figure3.20 indicate the normality of the final BART models and actual vs predicted plot demon

strating the predictive power of the BART model. Credible intervals provide 50% coverage for 

fitted vs actual values whereas prediction intervals provide 95.83% coverage for fitted vs actual 

values as can be seen from Figure3.21 and 3.22. 

3.9 Model Inference 

The variable importance plot 3.23 shows the importance of the predictor variables the response 

variable. We can see the DX70 has the highest importance followed by PRCP and unemploy

ment. 

DX70 has a linear relationship with wildfire acres burnt Figure3.24. As the number of days 

of month where the temperature is above 70 degrees increases by 5 days we see a increase in the 

wildfire acres burnt by a factor of log(lO). 

We also see a linear relationship with wildfire acres burnt with PRCP (Precipitation) from 

Figure3.25. The model shows a downard trend of wildfire acres burnt with Precipitation. We 

see that with an increase in average precipitation for that month we can see a decrease in the 

wildfire acres burnt. 

We used unemployment as a control variable. We see a downward trend for the partial de

pendence plot indicating that higher unemployment would overall decrease the wildfire acres 

burnt albeit not by a lot. We selected unemployment as a measure of human activity in the state. 

Higher unemployment would mean that less number of people would want to live in that state 

and hence less human activity and lower unemployment would result in more an more people 

willing to live in the state and hence higher human activity and population density. This in turn 

would result in an increase in number of large wildfires occurring due to human intervention 

or mistakes which can be seen with the PDP plot for unemployment 3.26. 

https://Figure3.25
https://Figure3.24
https://Figure3.21
https://Figure3.20
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3.10 Conclusion 

We investigated the climate sensitivity of wildfire acres burnt in California and found that DX70 

(no. of day with temperature greater than 70 ° F and PRCP (average precipitation in inches) is 

a more appropriate predictor than widely used TMAX. These variables overcome the issue of 

multicollinearity and give us an R2 value of 0.7. We also showed that linear regression could 

adequately account for the climate-wildfire acres burnt relations ship. We also concluded the 

BART outperforms all the tree based algorithms in terms of capturing the wildfire-climate nexus 

for state of California. We found that monthly wildfire acres burnt decreases with an increase 

in precipitation. We also found that an increase of 5 days where temperature is greater than 

70° F in month would increase the wildfire acres burnt in California by a factor of log(lO). Our 

research also revealed, that wildfire acres burnt is also driven by human activity in the region 

with higher sensitivity to climate and weather variables. 
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Figure 3.5: Step Forward Residuals vs Fitted 



46 

Normal 0-Q Plot 

3-

.. .. 
2 -

..... .... 
1 -

.....-
...... 

-2 -

Theoretical Quantiles 

Figure 3.6: Step Forward Regression QQ Plot 



47 

page 1 of 2 

R-Square C(p) 

0.84 

50 

0.81 
40 

0.78 30 

0.75 20 

10 

0 5 10 15 20 0 5 10 15 20 

Adj . R-Square AIC 

560 
0.80 

550 
0.78 

0.76 
540 

0.74 530 

0 5 10 15 20 0 5 10 15 20 

Figure 3.7: Step Forward Regression Plot 



48 

SBIC 

110 

page 2 of 2 

100 

90 

80 

0 

SBC 

600 

5 10 15 20 

590 

580 

570 

0 5 10 15 20 
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Selected Variables Model: 
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Figure 3.21: In-Sample Fitted vs Actual Values (credible intervals) 
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Figure 3.24: Partial Dependence DX70 
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Figure 3.25: Partial Dependence PRCP 



66 

Partial Dependence Plot 

0 

"' 

u 
~ w 
ro 
t 
&' 

"' o::i 

0 
a:i 

800000 1000000 1200000 1400000 1600000 1800000 

unemployment plotted at specified quanti les 

2000000 2200000 

Figure 3.26: Partial Dependence unemployment 



A Data Driven Approach for 

Analyzing Effectiveness of 

Prescribed Fires as a Wildfire Risk 

Mitigation Strategy 

4.1 Introduction 

In this section, we use a data driven approach to analyze the use of prescribed fires as effective 

wildfire risk mitigation strategy. Prescribed burning is the intentional administration of fires to 

forest fuels under specified conditions to reduce the risk of increased wildfire burn. We collected 

yearly aggregated data points for numbers and acres of prescribed fires and wildfire, at agency 

and state levels, from [35]. There are 508k prescribed fires that covered 42 million acres, and 

1 million wildfires that burned 107 million acres during these 15 years. National level trends 

from Figure4.1 show that there has been an exponential increase in the number of prescribed 

fires and wildfires from 2014 -2017, likely due to the increasing awareness on using prescribed 

fires as an effective tool for mitigating future wildfires. There were more numbers of prescribed 

fires than the number of wildfires in 2016-2017 for the entire United States of America which 
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can be clearly observed from Figure4.l. The acres of prescribed has also been on the rise. The 

number of wildfires has remained nearly stationary around between 65k-77k per year. However, 

the acres of wildfire see high variation across the years between 4.9 million acres to 10 million 

acres of wildfire for the year 2003-2017 which can be observer from Figure4.l. 

4.2 Data Driven Analysis for Agency and State 

The five federal agency managing forest fire response and planning for almost 10 million acres 

in the United States are the USFS (United States Forest Service (USFS), Bureau of Land Man

agement (BLM), Bureau of Indian Affairs (BIA), National Park Service (NPS), United States Fish 

and Wildlife Services (FWS). There are other federal agency that don't have significant number 

of wildfire but conduct a lot of prescribed fires, namely Department of Defence (DDQ or DOD), 

State Agencies (ST) . 

From Figure4.3 we see that for the time between 2003-2017 there have been 110 million acres 

of wildfires burnt in total and above 40 million acres in prescribed fires . We see that USFS 

conducts the highest amount of prescribed fires compared to other agencies, we also see that 

State agency (ST), Bureau of Land Management (BLM), has significant level of wildfire acres 

burnt but they conduct less amount of prescribed fires compared to United States Forest Services 

(USFS) for comparatively the same amount of wildfire acres burnt. From Figure4.3 we see that 

USFS has conducted approximately 45% of prescribed fires acres burnt compared to the total 

acres burnt during the 2003-2017. We also see that DOD and DDQ conduct a lot of prescribed 

fires approximately 80% of their total acres burnt is due to prescribed fires. This in contrast to 

other agencies where DDQ and DOD doesn't have a lot of wildfires under their land jurisdiction. 

From Figure4.2 we see that USFS has conducted a large amount of prescribed fires over the 

years with a mean of 1250 thousand acres of prescribed fires whereas the acres burnt due to 

wildfire has been between 1000 - 2000 thousand acres. We also see State (ST) agency and Bureau 

of Land Management (BLM) have a significant level of wildfire acres burnt between 1250 -2700 

thousand acres burnt but it conducts almost only between 250 thousand acres to 525 thousand 

acres of prescribed fires for State Agency (ST) and between 75 - 145 thousand acres for Bureau 

of Land Management (BLM). We see in the past four years Other (OTHR), DDQ agency has 

expanded the use of prescribed fire but the acres of wildfire is not significant in those agency. 
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Figure 4.1: National Level Trend for Numbers and Acres (Wildfires and Prescribed) 
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Figure 4.2: Agency Total and Percent Acres Yearly (Wildfires and Prescribed Fires) 
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4.2.1 Correlation between Acres and Wildfires for Different Agencies 

We computed the correlation between acres and numbers of wildfires with acres and numbers 

of prescribed fires respectively between different agency as can be seen in Figure4.4. We used 

Spear-man's Rank-Order Correlation as it is the non parametric version of the Pearson product

moment correlation. We used Spear-man's correlation coefficient as it measures the strength and 

direction of association between two variables. We see from Figure4.4 that USFS, BLM, DOD 

have negative correlation between acres of prescribed fires and wildfires aggregated on a yearly 

basis. We see that there is a significant positive correlation for FWS and PRI for acres of pre

scribed fires vs wildfires. Looking at Figure4.3 we see that land under FWS and PRI have not 

experienced significant number of wildfire acres burnt in the period between 2003-2017, and 

hence there may not be any significance in their correlation coefficient values being positive. 

From Figure4.4 we see that there is positive correlation between numbers of wildfire and pre

scribed fires. This is counter-intuitive as we hypothesize that increased number of prescribed 

fires would result in less number of wildfires. But because, different agency such as FWS, USFS, 

would anticipate more number of wildfires in that particular year hence, they would conduct 

more number of prescribed fires to counter it, we can see why increased number of prescribed 

fires would follow increased number of wildfires for that particular year. From the 4.4 we con

clude, that USFS is conducting prescribed fires in an effective manner, and other agency that 

have high number of wildfire occurrence under their jurisdiction could replicate the policy that 

USFS follows . 

4.2.2 USFS Regression Analysis 

We fitted an exponential model for USFS to fit the relationship between prescribed fires and 

wildfire acres on a data that was aggregated on a total yearly basis.The results for the linear 

model are shown below. From Figure4.5 we see that over the years as the acres of prescribed 

fires were increased, the acres of wildfires for that year decreased. We see that acres of Pre

scribed fires is a significant variable in the model, with an Adjusted R-squared value of 0.383. 

The exponential model coefficient for acres of prescribed fire burnt is -.0.0022174. Using the ex

ponential model as shown below we can see that for every 100 thousand increase in prescribed 

fire area burnt the wildfire acres burnt for that year decreases by approximately 406 thousand 
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acres. This significant as this shows the effectiveness of prescribed fires in reducing the wildfire 

acres burnt under the jurisdiction of USFS Agency. 

Table 4.1: Regression Analysis USFS 

Dependent variable: 

log( acres_ wLthousands) 

acres_rx_thousands -0.002*** 
(0.001) 

Constant 9.791 *** 
(0.842) 

Observations 15 
R2 0.427 
Adjusted R2 0.383 
Residual Std. Error 0.496 (df = 13) 
F Statistic 9.691 *** (df = l ; 13) 

Note: *p < 0.l; **p < 0.05; ***p < 0.01 

4.2.3 Correlation Between Acres and Wildfires for Different States 

We aggregated yearly data for wildfires and prescribed fires for the years between 2003-2017 

from the NIFC website [35] and grouped them by state. We collected the forest cover for dif

ferent states and joined the table with the aggregated data to normalize the wildfire acres burnt 

in terms of forest acres occupied. We plotted a scatter plot to see correlation between wildfire 

acres burnt and prescribed fires for each state as can be seen in Figure4.6. We clearly see that 

Florida and Georgia conduct a large amount of prescribed fires and have low amounts of wild

fires by forest cover. We also see that state of Kansas (KS) has a large percent of its forest cover 

burnt due to wildfires. We aggregated wildfire acres and prescribed fire acres and calculated 

the correlation between them for each state. From Figure4.6 we see a bar plot which shows the 

states with their corresponding correlation coefficient. From this we find that Oregon has the 

highest negative correlation indicating that prescribed fires conducted in this state has a very 

good effectiveness in decreasing the fores acres burnt due to wildfires in Oregon. 
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4.2.4 Oregon Regression Analysis 

We fitted an exponential regression model between wildfire acres burnt and prescribed fire acres 

burnt for state of Oregon as it has the highest negative correlation coefficient between wildfire 

and prescribed fire acres. The results of the fit are shown below. We see that acres of prescribed 

fires is a significant variable in the exponential model. We also see that the Adjusted R-squared 

Value for the fit is 0.4629 which is very close to the 0.05 significance value for a spearman cor

relation coefficient for 14 data points. From fig4.7 we see that over the years as the acres of 

prescribed fires were increased, the acres of wildfires for that year decreased. The exponential 

model coefficient for acres of prescribed fire burnt is -0.028837. Using the exponential model as 

shown below we can see that for every 25 thousand increase in prescribed fire area burnt the 

wildfire acres burnt for that year decreases by approximately 544 thousand acres. This signifi

cant as this shows the effectiveness of prescribed fires in reducing the wildfire acres burnt under 

the jurisdiction of Oregon State. 

Table 4.2: Regression Analysis Oregon 

Dependent variable: 

log( acres_ wLthousands) 

acres_rx_thousands -0.00003*** 
(0.00001) 

Constant 15.319*** 
(0.787) 

Observations 15 
R2 0.503 
Adjusted R2 0.465 
Residual Std. Error 0.751 (df = 13) 
F Statistic 13.150*** (df = l; 13) 

Note: *p < 0.l; **p < 0.05; ***p < 0.01 

4.3 Conclusion 

In this research, we used the NIFC wildfire and prescribed fire data set [35] and analyzed over 

14 years aggregated wildfire and prescribed fire data points for different agency and states. We 

used exploratory data analysis methodology to develop a data driven model to quantify the 
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effectiveness of using prescribed fire as wildfire risk reduction strategy. Out of the different 

agency and states in question, we find that USFS and Oregon has a significant negative correla

tion between acres of wildfire and acres of prescribed fire. We used spearmank rank correlation 

coefficient to find out which state and agency is having an effective negative correlation co

efficient. The solution was verified using a exponential linear model and with a subsequent 

scatter plot graph with the fitted exponential model curve. We found that number of prescribed 

fires has no significant effect in reducing wildfire acres burnt or wildfire occurrence numbers 

for that year. We see a difference between southern states and western states in terms of using 

prescribed fires as we see many southern states such as Florida, Georgia, Alabama using pre

scribed fires extensively where as many western states such as California, Nevada are not using 

prescribed fires to a greater extent, indicating a difference in policy and its use. Although with 

this research, we see that there USFS and Oregon are successful in reducing prescribed fires to 

reduce wildfire acres as a mitigation strategy, we also see that this agency and state has a signif

icant wildfire activity under their jurisdiction. We cannot conclude that every state should copy 

the policy of expansion of use prescribed fires as different forest regions would have different 

conditions and in some areas, mechanical thinning or other fuel reduction strategy maybe more 

appropriate than prescribed burning. 

The extension of this research can be broken down into three main areas. 1) To collect 

monthly data from different vendors to improve the quality of the data, such as having more 

detailed coverage broken down into county level. 2) Temporal and Spatial Analysis of wildfire 

and prescribed fires to understand the overall effects prescribed fires have in the wildfire and 

forest regimes. 3) Collecting the cost of conducting prescribed fires and trying to quantify the 

cost benefit analysis of prescribed fires as an effective wildfire risk mitigation strategy. 
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US Wildfires vs Rx by Year For OR, 2003-2015 
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Conclusion and Future Research 

Direction 

In this research, a whole new perspective has been introduced to aid wildfire mitigation strate

gies. This research has proved that data mining techniques combined with operations research 

models could prove vital for decision makers to appropriately calculate the look at the temporal 

and spatial causes of wildfires and their jurisdiction, evaluate the sensitivity of wildfires due to 

climate change and calculate the effectiveness of prescribed fires and allocate resources during 

the fire season appropriately. We found that lightning caused wildfires were the highest cause 

of wildfires in the country. We also found that human related causes intentional or uninten

tional account for 30% of total acres burned due to wildfires. We were able to evaluate the fire 

season for wildfire for the entire country in terms of numbers and acres burnt. Our future re

search direction would be to analyze it at the state county level to better be able to guide wildfire 

management policies. We were able to develop a predictive model based on weather, climate 

and economic variables with an Adjusted R-square value of 0.7. We were then able to analyze 

prescribed fires data on a yearly aggregate level and quantify the effectiveness for different fed

eral agency and state agency. We found that Oregon and USFS have an effective prescribed fire 

program in terms of Spear-man rank correlation coefficient and using a Exponential Regression 

Model. This research is an attempt to leverage the power of advanced Exploratory Data analytic 

and traditional operations research techniques to frame policies where stakes are really high for 
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wildfire protection. Dynamic resource allocation could be one of the future directions from 

this point going forward. This research took a leap in comparing different characteristics like 

population, employment, unemployment, climate and weather variables against wildfire acres 

burnt that could be helpful in formulation sound risk analysis and dynamic resource allocation 

models. 
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