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Abstract 

Fire incidents, especially structure/building fires, are a highly common phe

nomenon. Structure fire incidents as impactful as the recent Notre Dame Cathe

dral fire of France may be rare, however, there are millions of fire incidents that 

happen in the U.S. every year. In 2014, there were more than 1.2 million fire in

cidents reported in the U.S., that had an overall economic cost of $328.5 billion, 

including about 3,300 deaths and 78,000 injuries. Taking advantage of various 

publicly available data sources, this research provides data-driven optimization 

and analytics models to assist decision making in fire risk management, to mit

igate losses from fires. This research is primarily focused on the risk manage

ment of structure fires, however, comparisons with wildfire risk management 

are drawn as appropriate. 

This research work has three major chapters. The first chapter presents a 

detailed review of literature related to resource allocation, predictive modeling, 

and other analytics-based approaches in fire risk management. The areas that 

have not yet been explored in detail by operations research and analytics re

searchers are discussed. In addition, a comparative study of the models used in 

the contexts of structure fires and wildfires is presented. 

XXll 



The second chapter investigates how strategic resource allocation decision 

making in fire risk management could be improved by using optimization tech

niques. First, an optimal resource allocation model (RA model) that features the 

trade-off between equity and efficiency, is presented along with numerical re

sults and insights. A case study of federal fire grant allocation is used to validate 

and show the utility of the RA model. The results also identify potential under

investment and overinvestment in fire protection in certain regions. The con

cept of fire risk scores for spatial and temporal units is explored. Additionally, 

this chapter investigates how the RA model can be extended to fire-department

level resource allocation. The equity considerations are made more need-based 

by incorporating fire risk scores calculated for counties and ZIP codes. The 

chapter concludes by summarizing challenges ahead of estimating parameters 

required for this model. 

The third chapter develops machine learning models that predict structural 

fire losses, at spatial and temporal levels. First, various data sets such as fire 

incident records, socio-economic/ demographic data, fire department location 

and personnel data, and weather data, are merged. Second, feature engineering 

and feature selection techniques are used to process the data. Next, various ma

chine learning models are trained and tested using this processed data set. The 

results from these models are compared, and a discussion is provided on using 

these models for drafting risk-informed funds allocation and pre-positioning of 

firefighting resources to mitigate fire risk. 

Keywords: Fire protection, risk assessment, resource allocation, spatio-temporal 

prediction, risk score, structure fire, wildfire. 
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Introduction 

1.1 Prologue 

There are various kinds of disasters from which the humankind and other in

habitants of the earth have suffered invaluable losses for thousands of years. 

Disasters of the direst nature, including tsunamis and earthquakes have claimed 

tens of thousands of lives and arguably billions of dollars in property and other 

damages over various years. Other categories of disasters include terrorist at

tacks and epidemics, that also have had economic and social impacts of highly 

adverse nature. Improving the ability to manage the risk of all these disasters 

is becoming an increasingly important need, in the light of global challenges 

such as climate change and population growth to name a few. Risk manage

ment regarding these disasters have been extensively studied by researchers, 

and of late, tools such as geographic information systems (GIS), data collection 

and storage technology, visualization, social media, and even satellite imaging, 
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(a) (b) 

Figure 1.1: (a) Notre Dame Cathedral Fire, France, 2018 [7]. (b) California wild
fires, 2018 [8]. 

have emerged as highly popular tools for disaster risk management research. 

Studies also approach from theoretical points of view such as economics, epi

demiology, humanitarian logistics, and rumor propagation in social networks. 

In this context, this research investigates a less explored area in risk manage

ment research and literature. In particular, this research is on fire risk manage

ment, which overlaps the fields of disaster risk management and hazard risk 

management. Broadly, fires may be grouped into structural fires, outdoor fires, 

and vehicle fires [6]. By definition, wildfires are disasters, and structural fires 

are hazards. Figures 1.l(a) and (b) show images from two recent large fires : the 

Notre Dame Cathedral fire of France (April 2019) [7], and Camp Fire of Califor

nia (November 2018) [8]. The rebuilding cost of the Notre Dame Cathedral is 

estimated to be more than$ 1 billion [9], whereas the wildfires in 2018 cost Cal

ifornia State an estimated $400 billion [10]. In the light of such large losses, the 

objective of this research work is to create models that help mitigate fire losses, 

particularly by predicting fire risk and by optimizing resource allocation. 
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1.2 Motivation 

This study is motivated and leveraged by the numerous publicly available data 

sources on fire incidents and fire protection. Various reports such as on the total 

cost of fire, fatalities and injuries to civilians and firefighters, and fire losses are 

available, covering fire incidents in the US from the 1970's. On the one hand, 

encouragingly, the total number of fires, the number of civilian and firefighter 

deaths, and the direct property losses adjusted to 2014 dollars have shown an 

overall decreasing trend, for the period of 1977 to 2014 [11]. Specifically, re

ported total number of fires fell 60% from 3,264,500 in 1977 to 1,298,000 in 2014. 

Fire protection is a promising area of research from the perspectives of (i) re

search gaps identified in Chapter 2 that could be addressed to benefit the com

munity by mitigating fire risk; and (ii) availability of large amounts of open 

source data, primarily due to the high frequency of fire incidents and due to the 

possibility of causal relationships between social, demographic, economic, and 

weather-related features and fire occurrence. 

Decision making in fire management is a challenge because of its extremely 

decentralized nature. This is due to the diversity in geographical features, weather 

conditions, property values, density of population, and type of fire departments 

( e.g., the hills, dry weather, dense population, and more career fire depart

ments in Los Angeles contrast with the plains, cold weather, and more volunteer 

fire departments in a lesser populated area). Studying this complex decision

making scenario and proposing better fire risk mitigation strategies is another 

motivation for this proposed project. 
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1.3 Fire Problem in the U.S. 

Fire-related hazards and incidents are a very common phenomenon. A large 

wildfire (example of outdoor fire), could be highly disastrous and may result in 

damages worth a couple of billion dollars or more, and could affect hundreds 

of thousands of acres. A single building fire (example of structural fire), may 

not be as disastrous as a wildfire, however, could result in significant damages 

especially if occurring in a populated building. As per the National Fire Pro

tection Association (NFPA) report 'Fire Loss in the United States in 2015 [12],' 

there were 1,345,500 fires in the US in 2015, majority of which are structure fires. 

These fires resulted in about 3,280 civilian fire deaths, 15,700 civilian injuries, 

and $14.3 billion in property damages. Also, there are 1,134,000 firefighters in 

the US (31% of which are career firefighters and 69% were volunteer firefighters) 

in 2014, under about 30,000 fire departments in 2014 [13]. 

The cost of structural fires is humongous, with the estimated total cost of 

$328.5 billion in 2014 which includes more than 3000 lives lost. Fire protection is 

a complex framework of 1,134,000 firefighters in the US under about 30,000 fire 

departments in 2014, and this framework is funded by federal, state, and local 

funds, taxes, and donation drives. Due to the large potential losses at stake, and 

as increasing costs are common in the present, it is important to study the public 

and private investments in fire protection, and the returns on those investments, 

in terms of lives saved, injuries prevented, and economic losses avoided. 

Fires could broadly be classified as wildfires, structural fires, and other fires. 

Wildfires are fires that happen in wildlands/forests, 'wildland-urban interfaces,' 

and grasslands. The US Department of Agriculture (USDA) and the US Fire Ser

vice (USPS) has dedicated budget, infrastructure, and personnel to fight wild-
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fires, which requires approaches that are completely different from residential, 

industrial, vehicle, and offshore firefighting. 

1.4 About This Research 

1.4.1 Scope of Research 

This report presents an in-depth analysis of resource allocation models for fire 

protection. Significantly large amounts of publicly available data from various 

sources are used for developing models and conducting numerical analysis. In 

addition, machine learning and deep learning models are used for predicting 

fire risk, on spatial and temporal dimensions. Overall, this report makes impor

tant contributions to the field of fire protection theory and practice. 

Similar to [2], this project focuses on structural fires (primarily building

related) rather than wildfires, because (i) the total cost of structural fires are 

significantly larger than those of wildfires [14], and (ii) the prevention and sup

pression approach for structural fires cannot be applied for wildfires. 

As forest fires/wildfires and structural/other fires differ in (i) suppression 

techniques, (ii) personnel, and (iii) funding sources, these two broad categories 

need to be studied separately. Wildfire suppression efforts are coordinated by 

personnel from the U.S. Forest Service and the U.S. Department of Agriculture, 

and are funded by federal and/or state governments. Fire department person

nel attending to structural and other fires are funded by local governments. 

Nevertheless, it is expected to find literature that overlaps the two categories, 

as the objectives of minimizing the cost and optimally allocating resources are 

common from a strategic perspective. 
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In this study, structural fires (which are primarily building-related) are fo

cused, although a few references on to wildfire are also presented as deemed 

fit, especially when the nature or the methods used in those references are use

ful to non-wildfire cases also. The combined nature of likelihood and conse

quences of wildfires versus structural fires is another distinguishing feature be

tween structural fires and wildfires. Upon comparison, the former can be cat

egorized broadly as 'high probability low /moderate consequence events' and 

the latter as 'low probability high consequence events.' The magnitude of losses 

in a single structural fires incident is usually less, however, the losses sum up to 

significantly higher values than the total losses from wildfires. As an example, 

in 2011, the losses from structural fires totaled $14.9 billion USD while those 

from wildfires totaled $3.0 billion USD [14]. While it is agreed that the conse

quences of wildfires are highly catastrophic in nature when compared to that 

of most structural fires, the latter has been chosen as a more promising area, 

primarily due the availability of more data. 

1.4.2 Relationship Between Resource Allocation and Prediction 

Models 

A data-driven resource allocation model in the context of fire risk management 

is likely to require various data inputs such as population/ demography data, 

economic data, fire department profiles, and may be historical fire incidents. 

This dissertation brings up fire risk scores as an important factor to be con

sidered in resource allocation for mitigating fire risk. In addition to present

ing optimal resource allocation models, this dissertation also discusses machine 

learning models that can predict fire risk. Figure 1.2 shows the connection en-
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visaged between resource allocation and prediction models. That is, the "future 

fire risk" derived from prediction models can be input into optimization models 

that can prescribe future resource allocation. Although resource allocation and 

prediction models are presented in this dissertation as two standalone compo

nents, these can easily be integrated when required. 

Data inputs 

Fire risk prediction 
model 

Population 

demography~ 

Economic 
data - ~ ---

~~---~ 

Resource 
allocation model 

Fire department---------------/ 
profiles / 

Fire risk 

Figure 1.2: Relationship between data-driven resource allocation model and 
prediction model. 

The remainder of this dissertation is organized as follows. Chapter 2 presents 

a review of fire protection literature from the point of view of economics, deci

sion making, risk analysis, game theory, optimization, and data analytics. Some 

of the critical gaps identified in this review are addressed in the subsequent 

chapters. Chapter 3 proposes resource allocation models for distributing vari

ous types of fire protection funding. Primarily, models with a centralized deci

sion maker are presented and discussed using analytical results and case stud

ies. Chapter 4 explores data-driven models for estimating fire risk. This chap

ter discusses spatio-temporal fire risk prediction techniques that use extensive 

amount of data, including fire incident records, fire department profiles data, 

census data, and weather data. 

The models in Chapters 2, 3, and 4 use fire incident data, economic and de

mographic data, and provides recommendations to policymakers in fire protec-
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tion to optimally allocate fire protection funds, considering spatial and temporal 

aspects of fire risk. Chapter 5 discusses additional topics including wildfire risk 

management, fire protection reliability, and optimal mix of firefighter types. Fi

nally, Chapter 6 concludes with a discussion of the key results, their impact, and 

future research directions. 



Literature Review 

This chapter reviews the literature that would aid fire protection research. There 

are three sections in this chapter: (i) fire protection, (ii) predictive analytics, and 

(iii) cooperative game theory. Section 2.1 introduces the field of fire protection 

and describes its various research areas that are related to operations research, 

management sciences, and analytics. Sections 2.2 and 2.3 respectively introduce 

the areas of predictive analytics and cooperative game theory, and identify these 

as potential fields for interdisciplinary and complimentary work with fire pro

tection. 

2.1 Fire Protection 

2.1.1 History of Fire Protection in the United States 

One of the oldest known records of organized fire protection in the US dates 

back to about 300 years ago, when in the late 1720's, the City of Philadelphia 

established insurance offices and fire extinguishing companies that protected 
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property against fires [15]. Fire protection has progressed a long way since 

then, and the federal government has been responsible in forming the organiza

tional structure for fire protection and providing financial assistance to firefight

ing companies and related research and training establishments through federal 

laws and provisions. Though there are organizations such as the United States 

Fire Administration (USFA), National Fire Protection Association (NFPA), United 

States Department of Agriculture (USDA), and United States Forest Service (USFS) 

which are federally funded for their respective roles in preventing fires (includ

ing wildfires), fire departments throughout the country are managed mostly by 

local governments. The organizations that are federally funded, though they do 

not directly provide fire protection services, they contribute to the firefighting 

community in terms of research, training, and operational support. Figure 2.1 

shows the recent important federal events related to fire protection. More about 

the history of fire in the US can be found in [16]. 

2.1.2 Economics and Cost Benefit Analysis 

Over many years, literature has represented the costs and losses associated with 

fire protection and fire incidents using a variety of models. [17] presents an 

overview of the problems in fire protection economics, and provides solutions 

through theoretical concepts and models used in cost-benefit analysis. The book 

also discusses decision analysis and utility theory models to show the statisti

cal and uncertainty-related features of fire risk. An engineering analysis of how 

to measure (i) the costs of protection, (ii) the value of property protected, (iii) 

the direct and indirect losses due to fires is presented in [18]. There are nu

merous other papers and a few books published on the cost-benefit analysis of 
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•National Fire Protection Association (NFPA) formed 

• Boise Inter-Agency Fire Center (BIFC) founded for wildfire - management- •Fire Research and Safety Act (FRSA) 

- •National Commission for Fire Prevention and Control (NCFPC) 
submits report: "America Burning" 

•Fire Protection Control Act (FPCA) 

- •National Fire Prevention and Control Administration (NFPCA) 
formed under Department of Commerce 

- •National Fire Data Center, NFPCA establishes National Fire 
Incidence Response System (NFIRS) 

- •NFPCA renamed to United States Fire Administration (USFA) 

- •Federal Emergency Management Agency (FEMA) founded 

- •USFA and National Fire Academy (NFA) transferred from 
Department of Commerce to FEMA 

- •USFA starts National Emergency Training Center (NETC) 

- • N FA reorganized back to USFA 

- •BIAFC renamed to National Inter-Agency Fire Center (NIFC) 

- • FEMA transferred to newly created Department of Homeland 
Security (DHS) 

•USFA funded through PMMR, DHS 

•USFA funded through new Directorate for Preparedness, DHS- • USFA transferred back to FEMA within DHS. 

Figure 2.1: Federal events in fire protection in the US. 

different aspects of fire protection. A significant subset of these papers present 

the investment decisions faced by property owners (homeowners or industrial 

building owners) [19, 20, 21, 22, 23, 24, 25]. Some of these restrict their analysis 

specifically to the cost-benefit analysis of sprinkler systems in buildings, which 

is important because the enforcement and use of fire detection and suppression 

devices such as smoke alarms, sensors, and sprinklers continue to be debated 
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in the present-day also, despite the fact that these devices have been reported to 

be very effective in fire detection and mitigation for the past three decades. 

Another subset of papers in fire protection economics study the effects on 

the public at large [26, 27]. In the past, some works have studied the opera

tional (equipment and resource costs) of fire protection. [28] have analyzed the 

supply and demand of fire departments in large cities, and [26] argue that pri

vatization of fire departments would be more cost-effective. [29, 30, 31] study 

the costs of utility companies in supplying water for fire suppression. Some 

other studies have a macroeconomic perspective. Specifically, [32] looks at the 

effects of fire protection on the regional economy of Navarre region in Spain, 

and [33] presents interesting results such as that additional fire protection in 

Australia would not yield any net economic benefit, and points out potential 

over-spending. [34] is a report on a USDA international symposium on fire eco

nomics and policy, which summarizes studies from all over the world, primarily 

related to economics and policies in wildfire mitigation. The report weighs in 

on various factors that influence the wildfire situation (economic, social, demo

graphic, and political factors), identifies the challenges including budget allo

cation and international cooperation, and proposes steps to improve the global 

wildfire situation. 

Conventionally, the literature on wildfire has used least cost plus loss (LC+L) 

models to study relationship between investment and losses in fire protection. 

[35] describes the LC+L model that is the combination of pre-suppression costs, 

suppression costs and damage, in which a single value of pre-suppression ex

penditure can minimize the function of total cost. [36] and [37] use this model 

to describe costs in a wildfire context. This model was later modified by [38] in 

which it was acknowledged that representing damage and suppression costs as 
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functions of pre-suppression effort was difficult and instead used the damages 

as the independent variable. In more recent years the application of the LC+ L 

model has been discussed by [39] and the cost-plus-net-value change (C+NVC) 

model was proposed. [40] apply this C+NVC model to seasonal wildfire bud

get analysis, as a means to justify cost-effectiveness of proposed budgets and 

programs in Spain. [41] and [17] also use monetary optimization techniques for 

which an optimal investment minimizes the total cost of fire with regards to 

preventive building fire safety and the risk reduction associated with fire safety 

devices, respectively. However, in the case of [17] human loss is defined with 

a probabilistic approach, as the product of the value of a human life and the 

probability that a life is lost. 

More recently, [1] use LC+L in structural fires context, which differs from 

those described above in that the LC+L framework has typically been applied 

in wild fire contexts where the loss (L) is described in terms of acreage/timber 

burned. The extension and broadening of this model to structural fires nation

wide introduces the element of human loss, as opposed to purely economic 

losses. So far no work other than [1] and [42] have been done in estimating the 

effectiveness of nationwide investment in reducing both human and economic 

losses. 

[1] explore the value of statistical life (VSL), an important concept in health

care economics. VSL is the monetary value of increased safety, and in partic

ular, the value of reducing the risk of mortality [43]. The fire loss calculations 

are dependent on the VSL, hence the choice of VSL is critical in any cost bene

fit analysis. [44] propose that VSL values for fire protection are different from 

those for road accidents, and [1] suggest the need to define a VSL specifically 

for fire protection context. 
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[45] recommend that disaster management projects use more real data in 

addition to keeping the hazard context specific. While fire protection is slightly 

different than traditional hazard response, this paper uses these suggestions 

and creates decision models to assess public budgeting and effectiveness of fire 

protection specifically. Explained below are fire taxes and fire insurance, two 

inevitable concepts in fire protection economics. 

Fire taxes: Fire taxes are paid by the public to the local administration for the fire 

protection services that are offered in that region. This is collected by the local 

tax collection offices, but are completely forwarded by the local governments or 

treasury to the local fire departments. In some states, there are laws which re

quire foreign insurers (insurance companies registered outside the state consid

ered) to pay fire tax to state administration (e.g., 2% of the premium on property 

taxes in Pennsylvania). Another form of fire tax is imposed on citizens in certain 

areas (e.g., the state of California requires residents in 'State Responsible Areas 

(SRA) to pay a fixed 1.33% tax) . In a case study report [46] on financing fire ser

vices in Adams County, Pennsylvania, the implementation of a 0.25 Mil fire tax 

(which means that every property owner has to pay 0.25$ per 1000$ of property) 

is presented. The report justifies this using data about the operational expenses 

and present revenue sources of fire departments in Adams County (33 fire de

partments that serve 34 municipalities (townships or boroughs)), and claims 

that a 0.25 Mil fire tax scheme would be able to meet all the operational ex

penses of the fire departments throughout Adams County. The estimates given 

are that about $2.25 million tax could be collected from about $9 billion of total 

property in the county. Now, many such proposals of implementing fire taxes 

have failed in many places, whereas a few have succeeded and prevailed. 
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Fire insurance: Fire insurance provides financial compensation to the owners 

or occupiers of a building or a property, due to a fire in/in the premises of that 

building or property [47]. In the US, fire insurance is greatly connected with 

fire taxes, as many states require foreign (belonging to other states) insurance 

companies to pay a specific percentage of their insurance premiums to the state 

as fire tax, as mentioned in the previous paragraph. In a 1877 publication [48] 

about fire insurance in the Great Britain, the author documents a significant 

amount of historical facts and data about fire and fire insurance. [15] is a 1905 

article that is one of the oldest publications specifically on fire insurance in the 

US. Fire insurance offered by insurers has an indirect yet important role in deter

mining the resources allocated fire prevention technology. That is, as Kenneth 

Arrow mentions in his 1962 paper 'Economic welfare and the allocation of re

sources for invention,' "A fire insurance policy, even when limited in amount to 

the value of the goods covered, weakens the motivation for fire prevention [49]." 

Thus, it is imperative to include fire insurance companies also as stakeholders 

in resource allocation studies on fire protection. The role of the insurer in fire 

protection, specifically in fire safety engineering, is discussed in [47]. That pa

per claims that absence of insurer involvement in the fire safety design process 

of buildings may lead to higher losses than when there is insurer involvement. 

[50] uses a decision analysis approach which could be used by property owners 

and policymakers in deciding the optimal investment in fire protection insur

ance, as well as by insurers in optimizing their strategies in response. In such 

a decision-making context, it is also of importance to note that the demand and 

value of protection services for irreplaceable commodities such as life or health 

of an individual (which need protection from death or injuries) increases in the 

level of protection [51]. In the literature, there are studies which analyze the fire 
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insurance problems from outside the US, such as the UK [52] and Sweden [53]. 

some other theoretical works on the fire protection and insurance problems are 

documented in [54, 55, 56]. The former two present results on representing fire 

protection as a public good, and the latter applies extreme order statistics on fire 

insurance, as fires, similar to general accidents, events in which data is available 

only for large events. [50] shows how conventional decision analysis could be 

useful for property owners, municipalities, and policymakers in planning in

vestments in insurance and fire protection, in deciding the optimal level of fire 

protection investment, and in understanding the trade-offs involved in making 

such decisions. 

2.1.3 Decision Analysis and Risk Assessment 

In general, decision making in fire protection is a complicated problem. Un

derstanding the uncertainty and risk involved while making fire protection de

cisions is very important. Researchers over the years have modeled fire pro

tection decisions and risks in the fields of engineering and/or building design 

[57, 58, 59, 60, 61], in wildfire management [62, 63, 64, 65, 66]. In particular 

in wildfire decisions, challenges with respect to subjective preferences of deci

sion makers [63], trade-offs between protecting assests and conserving biodi

versity [ 65], causal factors of fire [ 66] are discussed. Another section of the liter

ature focuses on assessing fire risks in specific contexts. FDNY's FireCast [67], a 

data-driven risk predictor software that is deployed to provide automated Risk

Based Inspection Strategies (RBIS), is based on the concept of risk-indexing or 

assigning scores to buildings (or vegetated regions in the case of wildfire), which 

has been researched vastly in the fire protection literature [68, 69, 70]. Overall, 
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the number of works on wildfire risk assessment (e.g., [71, 72]) appears to be 

more than that on building or structural fire risk assessment, though in the re

cent years, the scenario has changed, possibly due to rapid urbanization of rural 

areas, and expanding volume and density of population and infrastructure in 

cities. The methods employed in the literature to assess risks consider a va

riety of factors such as spatial and/or temporal factors [72, 73, 74], social and 

individual vulnerability [75, 76, 77], and other socio-economic factors [78]. The 

trade-offs between fire protection expenditure and risk mitigation is also an un

derstudied research area that only a few works have explored [1, 79]. 

2.1.4 Siting and Operations Management 

Another important branch of study in the fire protection literature has used 

mathematical programming and operations research techniques to optimize costs 

and outcomes. The literature in this area could be classified into siting (location

decision) problems, dispatch problem (assigning fire crew and resources), and 

relocation problems. In the past, these models depended solely on conventional 

mathematical programming [80, 81, 82, 83, 84] (e.g., set-covering approach), but 

more recently heuristics have been used to solve larger-scale problems ( e.g., ge

netic algorithm [85]). Literature on location problems with decentralized facili

ties has expanded into how to optimally distribute fire stations according to var

ious objectives. It is possible to allocate fire stations based on multiple criteria, 

including shortest response time and minimal longest distance. The literature 

documents various approaches to fire department location modeling, includ

ing linear programming [86], multi-objective maximal coverage problems [87], 

and fuzzy-information-based genetic algorithms with multiple objectives [85], 
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to minimize impedance and facilities, and to maximize attendance and coverage 

[88]. Other approaches analyze historical fire data and discuss fire station sit

ing in relation to clusters of fires that tend to occur [89]. Some works study fire 

station siting problems coupled with ambulance siting problems as well [90, 91 ]. 

A few works study the resource profiles of fire stations. The NFPA provides 

the distribution and breakdown of fire department employees around the coun

try, separating them into career and volunteer categories [13]. One study [92] 

uses a community choice model on the existence of a career or volunteer fire 

department. Optimal allocation of different types of fire stations with differ

ent trucks that each have different firefighting benefits has been modeled, along 

with the optimal location of these stations [87]. Currently, fire department cre

ation and subsequent locations are decided by local governments while the re

sources needed in each fire station are decided typically based on the fire chief's 

experience and judgment. 

2.1.5 Resource Allocation 

About four decades ago, around the time when The RAND Fire Project's de

ployment analysis [82] was published, fire department resource allocation was 

an active research area. However, most works used optimization models to fo

cus on siting of fire departments [93, 94] or dispatch problems [95, 96], or both 

[97, 98]. [99] claims that the RAND Fire Project has brought a phenomenal pos

itive impact to the operations of the New York City Fire Department over the 

decades. Interestingly, recently there has not been any significant work that 

documents advancements in fire deployment analysis. 
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More importantly, there are a few works done in studying resource alloca

tion in fire protection. On wildfires, [100] minimizes total costs of forest fire sup

pression plus damage. [101] discuss fire resource allocation in a wildfire context 

and discusses how to optimally place emergency response services around the 

Peloponnese region, which has been heavily affected by wild fires in the past, 

in order to minimize the response time of a fire-related emergency. [102] study 

a resource allocation problem with a case study in California in which resources 

are distributed among fire stations. A C+NVC minimization model is used in 

[103] for finding the optimal firefighting resource allocation for wildfire sup

pression. The dynamic nature of resource allocation for wildfire suppression 

are documented in [104] and [105]. [106] incorporates dynamic wildfire hazard 

assessment in their pre-operational resource allocation model. [107] propose 

optimal firefighter allocation schemes based on the operational efficiencies of 

fire departments calculated using data envelopment analysis. 

On structural and other fires, [108] discuss how manpower resources can be 

optimally allocated for fire safety inspections in buildings, also using insights 

from the political redistricting problem. [84] present an optimization model to 

minimize the sum of tax dollars spent of fire departments and the fire insur

ance premiums paid by the public. [109] compares the cost effectiveness of two 

different means of increasing fire protection: adding fire detectors and adding 

fire stations. [110] consider a resource allocation problem where the objective 

is to maximize the fire safety upgrade level of historical buildings by optimally 

distributing a set budget. This dissertation contributes to the literature by mod

eling strategic resource allocation decisions for fire protection, whereas the ex

isting literature focuses on the resource allocation at the operational level. More-
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over, this dissertation presents a methodology for validating the effectiveness of 

allocation, which is not found in other papers. 

The trade-off between equity and efficiency has been discussed in related 

literature. [111] consider resource allocation in health delivery in which both 

efficiency and equity are considered and studied through differing objectives. 

In the context of emergency medical services, [112] models how servers can be 

dispatched to customers optimally under equity constraints. It appears that eq

uity has not been considered in budget allocation of fire protection even though 

[113] conclude there is an "obvious need" to consider equity in addition to ef

ficiency. Where the resource allocation problem discussed in this paper differs 

from those discussed above is that it is a resource allocation problem seeking to 

minimize loss due to fire, nationwide. Much like [102], funding is often times 

collected in a few states due to the higher risk and potential losses in those 

states; because of this, equity is considered when solving the model in order to 

not only minimize country wide loss, but also to make sure funds are available 

in states that are less vulnerable to fires and receive some amount of the budget. 

The effectiveness of fire protection investments (such as the local fire depart

ment expenditures on fire engines, ladder trucks, and manpower) has not been 

studied in the literature. This is a promising area of research in fire protection 

resource allocation. 

2.1.6 Fire Risk Functions 

The magnitude of fire is studied in wildland fire protection [114]. The two main 

types of wildland fire descriptors are fire intensity (which is the energy output 

of the fire), and fire severity [115]. The latter is described not only as the con-
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sumption of organic matter but also as the degree to which a site has changed 

following a fire [114]. In an analysis of large loss fires in the U.S. in an urban

ized context, fire severity is often the only metric discussed [116]. Fire growth 

models in apartment buildings have been discussed as a basis for a risk-cost 

assessment [117]. Hazard functions are also known as failure rates in engineer

ing contexts [118]. Literature on fire hazard functions focus on wildland fires, 

as opposed to the fires in populated areas. Factors that contribute to the like

lihood of a fire incident being a fatal occurrence have been investigated [119], 

and census data on socioeconomic status (e.g., housing type, education, family 

structure) have been used to show correlation with fires [120]. The FIERAsys

tem tool [121] incorporates physical characteristics of buildings to perform fire 

risk analysis/ assessment. Other factors used in the literature to quantify fire 

risk are the number of deaths and the property loss as well as historical fire in

cidents in residential building clusters [122]. Spatio-temporal techniques have 

been used to analyze the variation in location and type of fire risk with respect 

to time [123], and to find that time can be an indicator of fire risk. One research 

gap identified here are fire risk functions that consider not only "passive" vari

ables such as building, weather, and demographic information with respect to 

time and space, but also "active" decision variables for the fire-service such as 

firefighters and fire trucks, and their risk reduction effects. 

2.1.7 Fire Code Enforcement and Inspections 

Most of the nonresidential fire incidents in the U.S. that caused large num

bers of fatalities have had 'lack of adequate number of exits' as the common 

theme [124]. Apparently, lack of fire code enforcement is the problem. Also in 
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a large number of residential fires, lack of smoke alarms or sprinklers has been 

attributed as the key factor causing large losses. Different states and cities in the 

U.S. have different rules for fire safety codes with respect to buildings. Although 

many local governments have inspection programs in place for ensuring code 

compliance, a large number of communities do not have any inspection pro

grams. For example, according to the NFPA's survey of 5,106 fire departments 

[125], 20.4% of communities do not have any fire-code inspections in place. 

Even for communities with large populations (mostly urban) that have fire-code 

inspections, it is practically impossible to inspect every building. Many com

munities (again, mostly urban) have begun to implement risk-based inspection 

programs. 'Inspection games' could be used to model the interactions between 

the inspection agents (code enforcing government agency) and private sectors 

[126, 127] for fire code enforcement. 

2.2 Predictive Analytics 

2.2.1 Introduction 

Predictive analytics is one of the trending topics today, alongside 'big data1,' 

'machine learning,' and other topics in 'data science,' a very popular branch of 

research and practice alike. It could be defined as the collection of techniques 

that use historical and current data to predict future outcomes [129]. In Charles 

Duhigg's famous New York Times article 'How Companies Learn Your Secrets 

[130],' the anecdote of a statistician working for Target, in which he is asked if 

1Big data could be defined as: "Big data is high-volume, high-velocity and high-variety in
formation assets that demand cost-effective, innovative forms of information processing for en
hanced insight and decision making [128]." 
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he could predict whether a particular customer is pregnant even if the customer 

did not prefer to disclose this information, is probably the simplest example to 

convey the capabilities of predictive analytics. However, the real power of pre

dictive analytics is much more. This technique is used primarily in business and 

research. In business, companies use this in understanding customer behavior, 

optimizing their processes to suit to the needs of the customer and to increase 

return of investments, to identify unexpected opportunities, and in anticipating 

future problems [131]. 

As explained in [129], predictive analytics has the capability to discover pat

terns and relationships in data. There is a wide number of methods used, the 

classification of which could be done in a few different approaches. For exam

ple, based on the underlying methodology, this can be broadly classified into re

gression methods (e.g., multinomial logit models) and machine learning meth

ods (e.g., neural networks). Predictive analytics models that could handle big 

data have also been developed. 

Today, it is hard to find an area of study or practice which does not use 

some form or the other of predictive analytics (PA). In public safety and secu

rity, healthcare, education, social media, retail, transportation, science, and so 

on, it is an unending list of realms in which the inference power of PA is made 

use of. Since the term predictive analytics was not popular a decade ago, the 

statistical prediction models which do not identify themselves using the key

word "predictive analytics" have also been detailed in this section. As there are 

numerous articles published on PA relevant to various fields of application, and 

because it is impossible to list all of those in a single study, those articles which 

use PA in fields that are the most relevant to fire protection (e.g., emergency and 
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disaster management), along with a few other key examples from popular areas 

of research. 

In particular, in public safety and security, PA is widely used to generate in

sights from intelligence data - both public data and classified data. For example, 

PA is used in practice for patrol deployment and surveillance detection. Crime 

and criminal behavior is deduced with the help of data mining techniques, PA 

models have been successful in apprehension of serial killers, child predators, 

drug dealers, and robbers [132]. However, there are challenges ahead, of which 

structuring the input data could be a more important than interpreting the out

put [132]. One of the key steps towards structuring and making the data more 

useful, is to divide the data into spatial and temporal characteristics [132]. There 

are numerous papers cited in various sections of this study which use spatio

temporal prediction models. Spatio-temporal prediction models are described 

further in Chapter 4. 

A recent and interesting branch of PA is techno-social predictive analytics 

(TPA) [133]. TPA integrates human and physical models to make better deci

sions, as mentioned in [134]. TPA comprehends the trade-offs between human 

judgement and computer intelligence. Human brain has the capability to weigh 

in on a situation and make quick decision through intuition, perception, and 

creativity. This is termed as 'naturalistic decision-making [135],' which, how

ever, is susceptible to erroneous reasoning when biased. Nevertheless, this so

cial intelligence of the human brain is coupled with computational power of 

artificial intelligence systems to create decision advantage in the fields of so

cial movement theory, disaster recovery, climate change, nuclear risk preven

tion, fuel efficiency standards, behavioral economics, and human health [135]. 

Literature also reports the use of TPA in social web mining and exploitation 
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for public health, environmental and national security surveillance [136]. That 

paper presents the exploitation of the 'Social Web,' which is defined as the 

medium that captures the real-time 'pulse' of the society. Several examples of 

social media platforms related to healthcare (e.g., 'Google Flu Trends,' available 

on http : //www .google . org/flutrends/, which uses aggregated Google search 

data to quickly estimate flu location-based flu statistics on real time) are pre

sented. The drawbacks of the Social Web-based TPA frameworks, presently, are 

that not everyone uses all or even one form of social media. 

[134] explores the application of TPA further through an example of illicit 

trafficking of improvised explosive devices (IED). This article points out the 

close connection between Bayesian Networks [137] and System Dynamics, which 

is exploited to achieve inter-operable models. Bayesian Networks2 (BN) and 

System Dynamics, when integrated, form Dynamic Bayesian Networks (DBN). 

A DBN is a BN which relates variables to each other over adjacent time-steps. 

DBNs are used extensively in statistical inference and learning [140], thus in PA 

also. DBNs possess all the powerful properties that a BN do, most importantly 

the ability to capture ( conditional) dependencies between variables. Many other 

data mining techniques do not possess the power to capture the dependencies 

between variables, and they require that the variables used are independent. 

2.2.2 Predictive Analytics in Fire Protection 

Data-driven prediction models have been used to model fire risk, e.g., the Fire 

Department of the City of New York (FDNY) developed FireCast [67], a data-

2A Bayesian Network is defined as "a probabilistic graphical model [138] (PCM) which rep
resents a set of random variables and their conditional dependencies on a graph (network) struc
ture [139]." 

http://www
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driven risk predictor software that provides automated Risk-Based Inspection 

Strategies (RBIS). A case study of FireCast is given at the end of this section. 

RBIS is based on the concept of risk-indexing or assigning scores to buildings 

which has been researched [68, 69, 70]. The output of this model is the prob

ability of fire ignition in a building, given its structural characteristics, viola

tion activity (e.g., work without permit, accumulation of combustible wastes), 

and behavioral cues (e.g., excessive noise, rodents, sewer overflows). However, 

some important considerations are missing. First, these works only model the 

probability of fire, not the severity or the magnitude of losses. Different in

stances of fire could have different magnitudes based on where the fire occurs, 

and the corresponding losses might vary. Second, the few existing models do 

not consider fire department resources as a contributing factor. The previously 

discussed fire risk functions could be linked with the prediction model, based 

on census factors (e.g., population, age of buildings, housing value), weather, 

historical fires, and fire department profiles. 

The case study of FireCast presented in the previous section itself is a good 

example of predictive analytics (PA) used in fire protection. There are numerous 

other examples, some of which are mentioned in other sections of this study 

too, primarily in Section 2.2.1. As done in Section 2.1, the works on wildfire and 

structural fires are presented separately here. 

Predicting the risks of wildfires have been a popular area of research, as 

the potential economic losses of a wildfire are more catastrophic than an av

erage structural fire . Literature in the past have used various approaches to 

estimate the risks of wildfire, in terms of predicting (i) the occurence and (ii) 

the spread. [141] develops and validates logistic regression and neural network 

models for the ignition of wildfires in Portugal, on a spatial scale. [142] claims 
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that there are two ignition sources of wildfires, namely lightning strikes and 

human-caused. In addition, that paper also tries to analyze which predictors 

are significantly correlated with fire occurence. Data from Geographic Informa

tion Systems (GIS) is widely used to predict the occurence of wildfires [143] and 

other natural disasters such as earthquakes and landslides. [144] shows social 

vulnerability of regions that are susceptible to wildfire as an important predic

tor in predicting risk. Suppression of wildfires is a very difficult task, and the 

spread of wildfires depend on many predictors such as wind speed, wind direc

tion, types of vegetation near fire, and so on. Nevertheless, there has been a lot 

of research on data-driven models that predict the spread of wildfire [145]. 

On the prediction of structural fires, although there are many works that es

timate the behavior of fire [146] within a building or spreading to neighboring 

buildings, in this study, more works on the occurrence of fire are documented. 

Fire incident occurrences are modeled as a Poisson arrival process in [147], us

ing data from Taiwan. That paper suggests that rate of fires increase in public 

occupancy of buildings, in Taiwan. Another similar study [148] employs genetic 

algorithm and neural networks to understand the relation between predictors 

and residential fires in the United Kingdom. A more recent work [149] in the 

UK includes socio-economic and demographic factors as predictors in estimat

ing accidental residential fire rates. Spatio-temporal analysis of fire incidents in 

various countries and regions are performed in separate works, in particular in 

Canada [123] and Turkey [89]. In [150], self-organizing maps (SOM) are used to 

classify buildings in Toronto, Canada, to different classes of risk levels. Model 

calibration is used to reduce the bias in risk estimation [151], which develops a 

framework for data collection in non-homogeneous building portfolios. Models 

that predict the fatalities and injuries in building fires are also found in litera-
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ture [152, 153]. [152] presents a Bayesian Belief Network (BBN) model which 

is used for decision making during every stage of a building design process in 

Netherlands, the most densely populated country in the European Union. On 

the other hand, [153] presents a study from Australia involving 177 fatalities 

and 183 survivors from residential fires . That paper shows which risk factors 

are more significantly associated with fatal fires than with non-fatal fires, and 

vice-versa. 

Similar to the FireCast model used by FDNY, the Atlanta Fire Rescue Depart

ment (AFRD) which attend to about 650 major fire cases annually has also prior

itized and risk-based inspection strategies [154]. This work uses a model based 

on SVM machine learning algorithm with 58 independent variables to predict 

fire as the outcome variable. That paper claims that during model validation, 

true positives were predicted 67.56% of the time. The model also delivered an 

interactive map that visualized the 'hotspots,' similar to that in FireCast 3.0. 

These hotspots are categorized as fire incidents, current building inspections, 

and potential building inspections. 

As mentioned in Section 2.1, researchers have attempted to forecast fire ser

vice calls. [155] is a report which elaborates on the need for forecasting fire ser

vice calls in Novato Fire District (NFD), California. NFD responds to about 5,000 

calls every year, out of which 63% are reported to be EMS-related. That report 

analyzes trends and temporal variations in fire service call data. The cited rea

sons for suggesting PA for forecasting fire service calls and to as a strategic tool 

to facilitate decision making are constrained revenue and increasing labor costs, 

which is a global phenomenon today. That report also describes several other 

case studies of predictive analytics being used in public services (e.g., police 
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predicting criminal behavior and security surveillance) and private companies, 

some of which have been cited in this study. 

Case Study: FireCast: Leveraging Big Data for Mitigating Fire Risks FireCast 

[156, 157, 67, 158] is a data-driven risk prediction engine developed by the Fire 

Department of New York (FDNY). In order to optimize the fire prevention and 

suppression operations in a large city such as New York, FDNY developed Fire

Cast as a data science-based risk management strategy. With an annual budget 

of $1.7 billion, FDNY is responsible for fire management (about 1.6 million in

cidents per year, about 3000 of which are major fire incidents) in New York 

City which has a population of more than 8 million [157]. FDNY has 198 en

gine units, 143 ladder units, 900 ambulances, and 14 'fireboats3.' As per FDNY, 

the 2007 Deustche Bank Fire has been the primary motivation behind devel

oping FireCast [157]. This particular fire incident triggered the need for better 

inspection procedures for buildings (under constuction, constructed, and under 

demolition). FDNY decided to prioritize these inspections based on the level of 

risk of buildings, as it was impossible to continuously include every building 

in every round of inspection. Such as Risk-Based Inspection System (RBIS) was 

introduced in 2009, which was succeeded by Establishment of three City Hall 

Analytics Teams in 2011 and the introduction of FDNY Analytics Unit concept 

in 2012. 

In 2012, Coordinated Building Inspection Data Analysis System (CBIDAS) 

was developed which analyzed the building inspection data of over 330,000 

building in New York City, along with other variables. FireCast Version 1.0 was 

deployed citywide in March 2013, which used very few number of variables, 

3FDNY is one of the very few fire departments which have 'fireboats,' which are firefighting 
boats which help in pumping water in case of offshore and coastal fires . 
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and predictive weights based on focus group surveys. In July 2013, FDNY de

ployed FireCast 2.0 which used 13 building factors and weights based on sta

tistical models. The output of this model is the probability of fire ignition in a 

building, given the structural characteristic. FireCast 3.0 is under development, 

which would use about 2,400 variables [156] and would require inter-agency 

data feeds. The output of this model is the probability of fire ignition in a build

ing, given its structural characteristics, violation activity (e.g., work without 

permit, accumulation of combustible wastes), and behavioral cues (e.g., exces

sive noise, rodents, sewer overflows). FireCast 3.0 is aimed at developing 'fire 

hotspots' on the city map that is divided into 500-foot grid cells, separately for 

residential fires (in one or two-family homes) and commercial/high-rise fires (in 

industrial and high-rise buildings). Besides predicting fire risk, FireCast 3.0 is 

also aimed at predicting general negligence risks ( e.g., electrical incidents, water 

leaks, and 6 other negligence risks). 

The performance of FireCast 2.0 was tested against that of FireCast 1.0, and 

it was found that FireCast 2.0 produced more number of violations issued per 

building (19% increase in the first 30 days and 10% increase in the first 60 days) 

[157], which showed that FireCast 2.0 is able to assess risks more efficiently than 

FireCast 1.0. FireCast 2.0 outperformed the previous version on a geographical 

basis as well [156]. The preliminary results from FireCast 3.0 suggest that most 

of the top 100 influential variables (among the 2,400 considered) are related to 

building violations. This calls for more stringent measures on the issuance and 

periodic inspection of building permits, in order to mitigate fire and other neg

ligence risks. 

In short, FDNY sees FireCast as a strategic tool to determine optimal policy 

solutions. Proactive inspection strategies powered by predictive analytics tools 
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such as FireCast would help in mitigating fire problems and would result in 

significantly save costs and lives. 

2.3 Cooperative Game Theory 

2.3.1 Cooperative Games: Introduction 

Cooperative game theory, also known as coalitional game theory, is one of the 

two main branches of game theory, the other branch being non-cooperative 

game theory. Cooperative game theory is concerned players who have compet

itive intentions, but due to the set of rules imposed on the players, are forced to 

form coalitions or groups who coordinate and share the payoffs. Non-cooperative 

game theory, on the other hand, is concerned with players who act indepen

dently to maximize their payoffs in a competitive setting. These two branches of 

games evolved from J. von Neumann and 0. Morgenstern's seminal book 'The

ory of Games and Economic Behavior' [159] and through J. Nash Jr's papers 

on the bargaining problem [160], non-cooperative games [161], and two-person 

cooperative games [162]. L. Shapley reinforced the theoretical foundations to 

cooperative game theory by introducing the concepts of value [163] (now pop

ularly known as the Shapley Value) and the core [164]. R. Myerson provided 

a bargaining solution concept for cooperative games with incomplete informa

tion, and proved that these solutions are efficient under the assumption of utili

ties on a virtual scale [165]. 
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2.3.2 Cooperative Games: Applications 

As cooperative game theory was a relatively new branch in economics in the 

late 20th century, the then publications were more focused on the theoretical 

foundations of cooperative games, rather than on applications. There happen 

to be more number of papers published after 1990 that apply cooperative games 

to specific contexts. One of the few exceptions of cooperative game theory ap

plications prior to 1990 is Masahiko Aoki's 'The Co-operative Game Theory of 

the Firm' [166], a book that challenges the conventional economic theory repre

sentation of a firm as an entity whose only objective is to maximize the share

holders' profits. Aoki proposes a new cooperative game model in which he 

represents the firm as a coalition of shareholders and employers. The author 

also presents validation results of his model. 

The basic application of cooperative games, introducing the characteristic 

functions, the core, the stable sets, the Shapley value, and solution concepts are 

presented in [167]. This is a survey paper that uses five examples; first, the 

coalitions between the five permanent and the ten non-permanent members of 

the United Nations Security Council; second, the interactions between munici

pal electoral representatives to Nassau County, New York; and three other cases 

from insurance. The author suggested that although one would expect many 

works that use cooperative games in insurance applications, that was not the 

case (in 1990, when this paper was published). Similarly, in the present day 

where there are numerous organizations that are involved in every field, the 

role of cooperative game theory becomes increasingly important. Moreover, 

apparently there is not enough research being done in cooperative game theory 

which could provide sensible, inclusive solutions to all stakeholders, especially 
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in problems that are regulated or need regulations, such as the problem of allo

cation of scarce natural resources. 

2.3.3 Natural Resources Sharing 

A powerful tool to analyze coordination between agents in a competitive set

ting, cooperative games have been used to model many organizational and 

management challenges. One of the most popular applications of cooperative 

games has been in modeling the coordination between governmental and/or 

non-governmental organizations at an international or a regional level. The 

World Bank's three-part series of reports [168, 169, 170] are the most descrip

tive references considered in this study that illustrate cooperative game mod

els applied in the sharing of scarce environmental resources such as water and 

fisheries. These reports are presented in detail as a case study at the end of this 

section. 

Cooperative games have been widely applied on natural resource sharing. 

Specifically, on the sharing of water resources, there has been many papers pub

lished [171, 172, 173, 174]. [171] is concerned with regional cooperation in the 

use of irrigation water. This paper presents a critical evaluation of the coalition 

schemes derived using the cooperative game rules. The paper also suggests 

the practicality of the utility functions, the core, and the Shapley values with 

respect to the application considered. The problems concerned with determin

ing the operational level of facilities that are jointly managed by stakeholder 

from different countries, regions, or organizations are presented in [172]. The 

paper uses the example of joint water-management facilities such as dams, sew

erage treatment, and desalination where the operational level of water volume 
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or water quality are the variables to be decided jointly by many players. As 

the outcomes such as floods are stochastic and catastrophic in nature, optimal 

modeling and solution of such joint facilities are of great economic importance. 

[173, 174] use the example of groundwater, a common-pool resource, to show 

that the coalitional gains from a cooperative game model could be shared in 

a fair and efficient manner. The paper also discusses methods to select stable 

solutions that would enforce cooperation among the players. 

A similar application area is presented in [175], where the cooperation among 

parties who apply with the Federal Energy Regulatory Commission (FERC) for 

licensing (and relicensing) of non-federal hydropower projects. The parties who 

apply are the (private) owners of such projects, and the other players who in

volve in this coordination game are environmental interest groups. The paper 

proposes a licensing framework that is adaptive to climate change and related 

uncertainties. The paper also discusses how climate change would provide in

centives for the parties to cooperate. Power transmission networks is an area 

that has confronted massive deregulation and decentralization, due to which 

there are a lot of public and private parties involved in the decision making 

process. [176] presents problems associated with strong economies of scale in 

bulk transmission systems. The applied model tries to minimize the maximum 

regret of players, thereby making the solutions stable. 

2.3.4 Manufacturing and Supply Chain Management 

Another area where cooperative games find application is manufacturing and 

supply chain management. In supply chain and logistics, it is commonly ob

served that firms coordinate with each other to increase their operational effec-
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tiveness, especially when the firms consider expanding their operations geo

graphically. [177] discusses the case of the liner shipping industry, where coop

eration is a commonly observed phenomenon among all liners, and only very 

few liners remain without cooperating with other liners. A more general ap

proach on cooperation in the shipping and transportation sector is presented 

in [178], in which the authors prove the cost savings to shippers due to po

tential mergers between them. This paper presents a linear cost minimiza

tion model, and illustrates scenarios under which the shippers could achieve 

higher cost savings and larger synergy derived from cooperation. Moreover, it is 

shown that the proposed model has monotonicity and superadditivity proper

ties (which are standard properties defined in cooperative game theory), which 

encourage the formation of larger coalitions. 

Another example of supply chain and manufacturing industry is consid

ered in [179], which considers and inefficient supply chain that results due to 

the conflicts between manufacturers and retailers. This paper proposes Pareto

improvements in solutions by using option contracts. The model provides im

portant insights on the effect of an individual's risk preference and negotiating 

power on the coordination outcome. Similarly, [180] presents the classic exam

ple of inventory management. This paper provides a review of several other 

papers dealing with the applications of cooperative game theory in inventory 

management. With respect to modeling, this paper models the coordination in 

a centralized inventory and a multi-client distribution network. 

A cooperative game framework could be of use in engineering design opti

mization, as mentioned in [181]. This paper leverages the combined power of 

cooperative game theory and fuzzy sets to solve multiple objective optimiza

tion (MOO) problems without requiring an aggregated objective functions to 
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be specified. In addition, the von Neumann-Morgenstern theory for cooper

ative games yields non-dominated solutions, from which a unique resource

allocation outcome which is Pareto-optimal can be obtained using Nash's bar

gaining scheme. Although such a fuzzy cooperative game model is not popu

lar anymore in the domain of engineering design optimization, organizational 

coalition problems could be a possible application domain. 

2.3.5 Social & Communication Networks 

In the recent years, cooperative games have been used in the field of commu

nication networks, social networks, and even in machine learning and biology. 

[182] uses a cooperative game model in Guassian interference channels, specifi

cally to compute the rate allocation in existing wireless and wireline systems. In 

that paper, Nash bargaining solutions are calculated using convex optimization, 

and results on computational complexity are also presented. A detailed analysis 

of the computational aspects in cooperative game theory is presented in [183] 

focusing on multi-agent systems and algorithmic game theory. Interestingly, the 

authors broadly present their work in a two-way setting: one way in which the 

application of computational techniques to cooperative game models are stud

ied ( e.g., developing computationally tractable solution concepts for combina

torial optimization problems that are common in multi-agent systems, which 

are often NP-hard), and the other in which the application of concepts and tech

niques from cooperative game theory are applied to computational problems 

(e.g., on the analysis of computer networks). Concepts of cooperative games 

are applied to social and economic networks in [184], which presents a review 

of the theoretical literature related to the formation of social and economic net-
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works and its economic outcomes. However, the book restricts its review on the 

branch of literature in which the effects of externalities due to non-participants 

in a network on the participants of that network are not considered. The au

thors justify this with the argument that this particular assumption has been 

very fruitful in research. 

2.3.6 Feature Selection 

A more unconventional and interesting application of cooperative games on 

feature selection, which is a machine learning technique, is presented in [185]. 

The authors describe the popular conventional methods used for feature se

lection and claim that these selectors "are likely to ignore features which as a 

group have strong discriminatory power but are weak as individuals." As a 

solution, the paper attempts to evaluate the power of each feature using a co

operative game framework. It is shown numerically that the proposed CoFS 

(short form for Coalitional Feature Selection) model is apt for use on high di

mensional data sets, and that it performs outperforms standard tools for feature 

selection such as mRMR, Relief, and IG. Similar to applications on feature se

lection, [186] provides an inquisitive application of cooperative game model to 

model reproductive social behavior among animals. This paper uses the Nash 

bargaining solution and side payments to explain that "cooperative game the

ory is the mathematical basis for social selection, an alternative to sexual selec

tion theory." However, this model only considers the short-term direct ecologi

cal benefits of cooperation (which is relevant in developmental time) and not the 

long-term genetic benefits (which is relevant only in evolutionary time). These 

applications of cooperative game theory, specifically on feature selection and 



38 

social selection, show that cooperative game theory is a universally applicable 

technique on any field involving interactions between agents in which coordi

nated actions are allowed. 

Case Study: Cooperative game theory and its application to natural, envi

ronmental, and water resource issues As introduced in Section 2.3.2, this case 

study is a consolidation of a three-report series from World Bank's project: 'Co

operative Arrangements for Allocation of Water among Production and Envi

ronmental Uses under Stochastic Supply Conditions.' This project was funded 

by the Italian Trust Fund and the Development Economics Group of the World 

Bank. The study team was headed by Dr. Ariel Dinar, Professor at the Univer

sity of California, Riverside. The first report [168] introduces game theory and 

cooperative game theory, and the second report [169] addresses the role of co

operative game theory in environmental resource sharing. This report presents 

an extensive literature review of the cooperative game models used in environ

mental resource allocations. As per the report, fishery allocation is the field in 

which cooperative games are used the most. These problems, however are com

plicated due to the temporal variations caused by dynamic and stochastic nature 

of fishery stock. Applications on real-world problems have also been provided, 

the Arcto-Norwegian cod stock and the North-Atlantic bluefin Tuna. The report 

presents a few practical challenges; including externalities that prevent further 

coalitional gains, thereby preventing the entry of additional members into ex

isting coalitions. Another problem in the cooperative fishery game context is 

free riding players in possible situations where none of the solutions lie in the 

core. Using real examples, the report shows how coalitions including the Euro

pean Union would have more bargaining power, and why these players need 

not form grand coalitions. 
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The third report [170] applies cooperative game theory on water resources. 

A literature review of the various works that model cooperative allocations con

cerning dams, groundwater, multi-purpose water facilities, and trans-boundary 

water conflicts is presented. Cooperative solutions are given for the models 

reviewed, and are compared with non-cooperative solutions, wherever applica

ble. Examples and models from the sub-sectors of multi-purpose water resource 

projects, urban water supply, irrigation, hydroelectric power, water pollution, 

waster water treatment, groundwater, allocation of water resources, and inter

national water basins are analyzed and presented. This report presents the var

ious conditions under which cooperation over scarce water resources is possi

ble, enabling profitable and sustainable solutions. The capability of cooperative 

game theory in achieving both efficiency and equity is highlighted. 

2.3.7 Cooperative Games in Fire Protection 

Fire protection, especially in the case of wildfires and large building fires, calls 

for the cooperation between various players including fire departments, emer

gency medical services, federal and rural governments, other governmental or 

non-governmental bodies, and private parties or individuals. This shows the 

scope of applying cooperative game theory on fire protection problems. The 

resources that are being protected from fire, be it forests or structural property 

(e.g., buildings), could in certain contexts be defined as public goods or com

mon pool resources, as mentioned in the examples in Sections 2.3.2 and 2.3.6 

The coalition power of the people and their electoral representatives, their inter

actions with governmental and non-governmental parties, and the problem of 

how the gains could be allocated in such cooperative contexts, are worth study-
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ing4. Yet, it is found there is little work done on the mathematical modeling of 

cooperation in fire protection. The very few published works on cooperative 

games related to fire protection are in the area of fire insurance. Mathematical 

modeling and research of fire insurance (among other forms of property insur

ance) has received popularity among economic modelers. For example, [187] 

and [188] discuss the cooperation among insurers. 

The papers reviewed in this section present how conflict situations between 

players could be handled efficiently using cooperative game frameworks. The 

methods discussed include Pareto-optimal solutions, designing objective func

tions such as minimize the maximum regret of players so as to achieve stable 

solutions, and Nash bargaining solutions, among many others. The cooperative 

game models discussed favor grand coalitions (groups that involve all players 

or stakeholders, which is good in the sense that it is inclusive) [168]. More

over, these reports discuss how the equitable and fair sharing of coalitional gains 

could be divided among players in order to achieve sustainable agreements. 

2.3.8 Non-Game Cooperative Frameworks 

Lastly, there do exist some works which emphasize the role of cooperative frame

works in fire protection. However, these models either lack mathematical mod

els (that is, they do not go beyond the representation of conceptual framework 

or a systems approach), or do not use cooperative game theory. For example, 

[189] urges European countries in the Mediterranean region to develop bilateral 

and multilateral cooperative frameworks for wildfire emergency management. 

This argument is strengthened by the fact that most of the Mediterranean coun-

4These challenges are elaborated in Section 3.6 
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tries such as Albania, Bulgaria, and Greece (which are reported to have cooper

ative agreements) are not financially strong enough to independently fund their 

wildfire management programs. Analogously, the financial challenges funding 

cuts and increasing operational and maintenance costs that are faced by many 

fire departments in the US warrants for increased cooperation which could be 

studied using cooperative game theory models. Cooperation among different 

countries bordering the Mediterranean sea are also called for, in [190], in the 

wake of volcanic erruptions, forest fires, and fires that arise from natural disas

ters such as floods and earthquakes. [191] provide game-theoretic perspectives 

on inter-agency cooperation in the wake of natural disasters, however that pa

per does not provide mathematical models. Using the case study of the 2010 

earthquake in Haiti, [192] further analyzes the coordination between various 

disaster management agencies concerned. [193] performs an experiment-based 

study to measure different components of how agencies make partnership de

cisions, in a disaster environment. The authors use literature and expert inter

views to conduct experiments, and find that the important factors which influ

enced decision making in simulated disaster situations were: agency efficiency, 

past project investment, partner size, significance of impact on the population, 

and the amount of remaining need. All the works cited in this paragraph, specif

ically the last three on inter-agency partnerships in disaster situations could 

very well be extended using cooperative game models. 

Another example is the forest fire problem in Thailand [194], the causes of 

which are reported to be "burning of grassland by hunters and uncontrolled 

burning of upland fields for agriculture." This paper shows how the formation 

of Village Watershed Networks, village and community coordination have been 

significantly helpful in reducing forest fires. [195] shows the need for regional 
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and international cooperation to solve the forest fire problems in central Asia. 

Another paper [196] on the wildfire challenges in Eurasia, specifically in Rus

sia, and surveys the ongoing cooperative initiatives under the United Nations 

framework in tackling the wildfire problem in Russia. A conceptual framework 

for cooperation among agents involved in the building planning processes is 

presented in [197]. This paper uses an agent-based approach to develop dis

tributed partial building models with fire protection regulations. 

2.4 Discussion 

Figure 2.2 summarizes the important topics related to fire protection/fire risk 

management, that were reviewed in this chapter. The circled topics, namely: 

(i) Economics & cost benefit analysis, (ii) Decision analysis & risk assessment, 

(iii) resource allocation, and (iv) predictive fire risk analytics, were chosen as 

promising areas for research, and have been explored further in Chapters 3, 

4, and 5. Siting and operations management was found to be rich in litera

ture, hence not pursued in this dissertation. Lack of adequate data to model 

the actions, uncertainties, outcomes, and utilities related to various "players" 

( e.g., governments, private fire protection/insurance companies, private prop

erty/land owners) involved in decision making in fire risk management made 

game theory a relatively less promising topic for this dissertation. Similarly, 

public data is hardly available for topics related to fire code enforcement & in

spections. 
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Figure 2.2: Focus areas of the literature review, and those chosen for further 
research (circled). 



Resource allocation models 

The total cost of fire in the U.S. is estimated to be more than $328.5 billion a 

year, for e.g., $328.5 billion in 2014. [1] present a model based on the least 

cost plus loss (LC+L) concept presented in Section 2.1.2 in Chapter 2 to model 

the relationship between investments and losses in fire protection and to es

timate the cost-effectiveness and other parameters. This chapter presents an 

extension of the LC+L model used in [1], and uses that for illustrating opti

mal allocation of limited resource in fire protection, with the objective of min

imizing expected losses. This chapter contributes to the literature by mod

eling strategic (national- or state-level) resource allocation for fire protection 

with equity-efficiency trade-off considerations, while existing literature focuses 

on operational-level resource allocation. Additionally, this chapter presents a 

methodology for validating the effectiveness of allocation. 

An optimal resource allocation model with equity considerations and its nu

merical analyses provide insights and techniques to ease the strategic decision

making process, which features the trade-off between equity and efficiency. In 

addition, a case study of federal fire grant allocation is used to validate and 
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show the utility of the optimal resource allocation model. Practitioners would 

benefit from the validation and utility measurement of the resource allocation 

model presented. The results also identify potential underinvestment and over

investment in fire protection in certain regions. This chapter presents scenar

ios in which the model presented outperforms the existing resource allocation 

scheme, when compared in terms of the correlation of resources allocated with 

actual number of fire incidents. This chapter provides some novel insights to 

policymakers and analysts in fire protection and safety, which would help in 

mitigating economic costs and saving civilian and firefighter lives. 

3.1 Introduction 

Fire-related hazards and incidents are an everyday phenomenon, and firefight

ing in the United States owe to more than one million firefighters in about 30,000 

fire departments across the country. The cost of fire is humongous, with the esti

mated total cost of $329 billion which includes more than 3000 lives lost [198]. It 

is important to study the public and private investments in fire protection, and 

the returns on those investments, in terms of lives saved, injuries prevented, 

and economic losses avoided. There has been very little work done in the liter

ature about developing mathematical models for risk assessment, cost-benefit 

analysis, and resource allocation in fire protection. Using the data from the 

National Fire Protection Association (NFPA) report, this chapter develops sys

tematic methods for theoretically modeling fire risk and fire loss, the returns 

to investments in fire protection, and allocation of resources for fire prevention 

and safety. This study provides the fire service with the tools and techniques to 
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support decision making on investments to reduce risks of fire to civilians and 

to firefighters. 

First, the LC+L model developed in [1] is introduced here, as the resource 

allocation models in this chapter extend the former. Second, resource allocation 

models to solve the decision-making problem of how much investment has to 

be made for fire disaster mitigation and management, are developed. These 

models are important from the point of view of understanding the risks that fire 

hazards pose to the public, in correctly incorporating this assessed level of risk 

in decision-making models for developing risk reduction strategies and to mit

igate fire losses. This study provides some novel insights to policymakers and 

analysts in fire protection and safety, which would help in mitigating economic 

costs and saving civilian and firefighter lives. 

The loss functions used in the optimal resource allocation (RA) model are 

based on [1]. The RA model provides insights about how to improve existing 

federal and local budget allocation mechanisms for fire departments. In order 

to validate the RA model, a case study of the Assistance to Firefighters Grant 

(AFG) allocation in 2014 is used. The results show that when high values of 

equity are considered, the RA model correlates reasonably with the AFG allo

cation. Significantly higher correlation of RA model's results than that of AFG 

allocation with certain indicators of fire risk (such as the number of fire inci

dents) is presented as the utility of the model. The insights from this chapter 

could be used as references for governments and governmental organizations 

in making budget and policy decisions for fire protection. 

About four decades ago, around the time when The RAND Fire Project's de

ployment analysis [82] was published, fire department resource allocation was 

an active research area. However, most works used optimization models to fo-
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cus on siting of fire departments [e.g., 93, 94], or dispatch problems [e.g., 95, 96], 

or both [e.g., 97, 98]. [99] claims that The RAND Fire Project has brought a phe

nomenal positive impact to the operations of the New York City Fire Depart

ment over the decades. Interestingly, recently there has not been any significant 

work that documents advancements in fire deployment analysis. 

More important from the context of this chapter, there are a few works done 

in studying resource allocation in fire protection, mostly in the wildfire con

text. [100] minimizes costs of forest fire, that is, suppression expenditure plus 

damage. Related works on optimizing firefighting resource allocation for wild

fire suppression use the C+NVC minimization model [103], and present case 

studies of optimally placing fire stations and emergency response services in 

California [102] and the Peloponnese region in Greece [101]. Other works have 

considered the dynamic resource allocation [e.g., 105, 104] and dynamic nature 

of wildfire hazard assessment for pre-operational resource allocation [e.g., 106]. 

Operational efficiencies of fire departments calculated based on data envelop

ment analysis have also been used for optimal firefighter allocation schemes 

[107]. 

There is a limited set of literature related to structural fires. [108] investigate 

optimal allocation of manpower resources for fire safety inspections in build

ings, also using insights from the political redistricting problem. Maximizing 

the fire safety upgrade level of historical buildings by optimally distributing a 

fixed budget is discussed in [110]. Other related works include the minimization 

the sum of tax dollars spent by fire departments and the fire insurance premi

ums paid by the public [84], and the comparison of the cost-effectiveness of two 

different means of increasing fire protection: adding fire detectors and adding 

fire stations [109]. 



48 

The trade-off between equity and efficiency has been discussed in relation to 

resource allocation in various domains such as humanitarian operations and 

health delivery in resourcelimited regions [111], and dispatching emergency 

medical services [112]. Equity has not been considered in budget allocation 

of fire protection even though there is an "obvious need" to consider equity in 

addition to efficiency [113]. The resource allocation problem discussed in this 

chapter differs from those discussed above in that here a more strategic resource 

allocation problem is presented that aims to minimize loss due to fire, nation

wide. As presented in [102], funding is often times collected in a few U.S. states 

due to the higher risk and potential losses in those U.S. states. Hence, equity is 

considered when solving the model in order to not only minimize country wide 

loss, but also to make sure that U.S. states that are less vulnerable to fires also 

receive some amount of the budget. 

This chapter contributes to the literature by modeling strategic resource allo

cation decisions for fire protection, whereas the existing literature focuses on the 

resource allocation at the operational level. Risk scores are another aspect that 

is not adequately discussed in the fire protection literature, yet is commonly 

found in resource allocation models for disaster management and counterter

rorism. For e.g., [199] first assign initial threat scores to infrastructure targets 

that are protected against terrorism threats, which are then updated based on 

government's protection investments. Some works have explored fire risk in

dexes, but the scores are assigned to particular buildings and not to geograph

ical units [68, 69, 70]. Similar scores assigned to buildings have been used in 

practice for risk-based inspection strategies [67]. 

In short, the key contributions of this chapter are: (i) modeling strategic 

(national- or state-level) resource allocation for fire protection with equity-efficiency 
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trade-off considerations, (ii) presenting a methodology to validate the resource 

allocation model and show its utility, and (iii) creating the concept of fire risk 

scores for various regions. 

3.2 Notation 

The following notation is used as listed in Table 3.1 throughout this paper, in

cluding parameters (V, Rt, Lt, qt, Qt, a, A, B, Qi, re, ci, ff, ai, Ai, xf), decision vari-

3.3 Generic Resource Allocation Model 

3.3.1 Least Cost Plus Loss (LC+L) Model Used in [1] 

The total cost of fire, Ut, is defined as the sum of the total investment in fire 

protection and the total loss due to fire . The total loss due to fire (qt) is de

fined as the linear combination of the associated economic and human losses: 

qt = rt+ lt · V. Due to potential shortcomings of directly modeling the losses 

as a function of investment (for example an inherent positive trend of loss with 

respect to time is expected, due to the fact that as time passes new lands are de

veloped, new buildings are constructed, populations grow and the total number 

of assets that have the potential to be lost to fire increases). Instead of modeling 

the loss directly with investment, the vulnerability of the the U.S. to fire losses 

is modeled as a function of the investment. This is done by defining potential 

loss (Qt), similar to the actual losses, as a linear combination of the U.S. Gross 

Domestic Product (GDP) and population: Qt = Rt+ Lt· V. The baseline value 
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V 

Table 3.1: Notation of parameters, decision variables, sets, functions, and vec
tors used in this paper. 

Parameters 

Rt 

a 

Decision Variables 
dt 

Sets 
T 
F 

Functions 
Zt(dt) 
Ut(dt) 

qi(xi) 
q(x1, ..., Xi, ... Xn) 

Value of a statistical human life (VSL) in 2014 U.S. dollars. 
The GDP of the U. S. in year tin billions of U. S. dollars 
(2014 U.S. dollar), t E T. 
U.S. population in year t. 
Loss due to fire of the U.S. in year t, comprised of economic 
( cost of both direct and indirect losses) and human losses 
(costs of statistical deaths and injuries). 
Potential loss due to fire in year t, comprised of the U. S. 
GDP and U. S. population. 
Coefficient of the exponential regression, representing vul
nerability should the investment be 0. 
Investment effectiveness parameter. 
The government's budget for fire protection. 
The potential loss due to fire in region i. 
The equity coefficient which is the fraction of budget B set 
aside for equity-bases allocation. 
The weight assigned to region i based on economic and/or 
demographic characteristics of all regions in R. 

The value of feature j of region i, j E F. 
Initial vulnerability of region i. 
Investment effectiveness of region i. 
Equity-based resource allocated to region i. 

Investment in fire mitigation and prevention in billions of 
U.S. dollars (2014 U.S. dollar). 
Resource allocated to region i. 

{1980, ... ,2014}. Set of years from 1980 to 2014. 
{1,...,5}. Set of demographic/economic features GDP, 

population, land area, population density, and per-capita 
GDP. 

= aeAdi. Vulnerability of the U.S. to fire loss. 
= ae- Adi Qt + dt. Cost of fire in the U. S. year t which is the 
sum of the loss due to fire and investment in fire protection. 
= aie- Ax;Qi- Loss due fire in region i. 
= Li=l qi(xi) - Total loss due fire inn regions. 
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Figure 3.1: The exponential regression line fit to Zt and dt, R2 value of .93. See 
Table 3.6 in Section 3.7 for data used. 

of VSL V = $9.1 million is used, which is a commonly used standard [200, 201]. 

Additionally,the vulnerability level of a specific year (Zt) is defined as the ratio 

of actual losses to potential losses: Zt = ~t. 

Figure 3.1 shows the exponential regression of the vulnerability as a function 

of investment as defined below: 

Z R - Ao·dt 
t = aoe 

where dt represents the investment in fire protection of a specific year and ao 

and Ao are fit using the least squares approach. The R2 value is 0.93, represent

ing that there is a good fit with the regression line and the data (Figure 3.1). 

The parameter Ao represents the effectiveness of investment and ao represents 
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the base vulnerability of the U.S. to fire when the investment is zero. Using 

the coefficients estimated from exponential regression causes some issues when 

optimizing the investment by minimizing the total cost for each year. 

[1] define the losses in terms of the investment by simply multiplying the 

vulnerability and potential loss of each specific year, as previously shown by 

the definition of vulnerability: qt = at • e - At·di • Qt. With the functional form of 

loss this is input into the total cost equation that sums loss and investment to 

create a one target optimization problem defined as: 

where dt 2: 0. 

3.3.2 RA Model Formulation 

Allocating resources optimally is a big challenge, especially when the outcomes 

are uncertain, such as in the case of fire incidents and hazards. There are macro

and micro-level decision making problems for governments, fire protection or

ganizations, and property owners on how much to invest for fire risk mitigation 

and management. This section presents how to develop a macro-level model in 

which the government's decision, to allocate resources for fire protection opti

mally to various regions, is analyzed. In practice, the government's resource 

allocation decisions often directly or indirectly consider equity, which ensures 

that at least a portion of the budget is allocated equally among all candidate 

regions. [202] present various examples in which parts of federal/ state/local 

government fundings are allocated without regards to risk or to need. Equity 

becomes important in critical aspects such as national security and emergency 
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preparedness, because the consequences of unprecedented events in these as

pects could be catastrophic. There are previous works which consider equity in 

resource allocation against public risk in general [203] and more specifically in 

homeland security [204]. After setting aside a portion of the budget for equity

based allocation, the remaining portion may be distributed based on risk, need, 

and effectiveness of investment. This is modeled as a resource allocation prob

lem with budget and equity constraints, based on the loss function developed 

in Section 3.3, as: 
n n 

minq = L qi= L Qiaie- A;x; (3.1) 
x, i=l i=l 

subject to constraints 

n

LXi ::; B and Xi 2: xf Vi = 1, ..., n; 
i= l 

where xf = cireB, and Li=l Ci = 1. Here, Bis the government's budget, n is the 

number of regions, and re is the equity coefficient which is the fraction of budget 

B set aside for equity-based allocation. For each region i = 1, ..., n, Xi 2: 0 is the 

optimal resource allocation, xf is the equity-based optimal resource allocated, ci 

is the weight assigned based on economic and/or demographic characteristics 

of all candidate regions (e.g., population, area, income, etc.), Q i is the potential 

loss (sum of GDP and population value), ai is the initial vulnerability, and Ai is 

the effectiveness of investment. The term qi = Q iaie- A;x; corresponds to the loss 

due to fire in region i, and q = Li=l qi represents the total loss of all n candidate 

regions. The coefficient Ci is calculated as Ci = ff I Li=l ff Vi, where j E F is 

the desired economic/demographic feature, and ff is the value of that feature 

for region i. Five features are explored (represented by the set F = {1, ..., 5} ), 
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namely, GDP, population, land area, population density, and per-capita GDP, 

that are also used by [204]. To study the effect of the equity coefficient Ye on op

timal resource allocation and to compare the effect of choosing different choices 

of Ci , sensitivity analysis is presented in Section 3.3.3. 

3.3.3 Numerical Illustration 

This section illustrates many scenarios in Figure 3.2 and 3.3 to illustrate the 

model presented in Section 3.3.2, specifically for an example in which the de

cision maker is the U. S. federal government, and the candidate regions are the 

50 U.S. states (n = 50). These illustrations provide insights that could be use

ful for decision making in fire protection investment. Sensitivity analysis of 

investments and losses against equity parameter Ye is important in optimizing 

the share of budget that needs to be set aside for equity. As investment and loss 

data of U.S. states are not available to develop loss functions, effectiveness, and 

vulnerability coefficients of U. S. states, it is assumed that the probability func

tion for loss (aie-A;x; ) and the parameters ai and Ai are identical to that of the 

country as a whole (that is, ai = a and Ai = A Vi = 1, ..., n). Unless otherwise 

specified, the baseline values of the parameters used are: Ai = 0.006 Vi= 1, ..., n; 

ai = 0.00009 Vi = 1, ..., n; B = $100 billion; and Ye = 0.8. The values of Ai and ai 

are based on the regression in Section 3.3. The direct expenditure in fire protec

tion for the whole of U.S. was U.S.$ 90.1 billion in 2014 [2], hence the baseline 

value of B is chosen as U. S.$ 100 billion. A high baseline value of Ye = 0.8 is 

chosen, because the results in this section show that the large imbalance in the 

potential losses among the U. S. states makes it necessary to maintain higher 

levels of equity. This is also seen in practice, for example, in the case study of 
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the Assistance to Firefighters Grant (AFG) in Section 3.3.6. The coefficients Ci are 

calculated using the five demographic and economic features (GDP, population, 

land area, population density, and per-capita GDP). Values and calculation are 

given in Tables 3.7 and 3.8 at the end of this chapter, in Section 3.7. 

Figure 3.2 provides an overall picture of the sensitivity of optimal invest

ments and losses against the equity fraction Ye· The plots in the top row show 

investment Xi as a fraction of budget B, to each U. S. state i. The plots in the 

bottom row show the loss q as a function of equity coefficient Ye. In each of 

the top five plots, each line represents a particular U.S. state and the lines are 

stacked from bottom to top in the increasing order of xd B. At any point Ye on 

the horizontal axis, the vertical distance between two stacked horizontal lines 

denote the fraction of budget received by a particular state, at equity level Ye. 

The changes in the total losses in the U.S. (sum of losses of 50 U.S. states) when 

Ye is allowed to change from 0 to 1, are shown in the bottom row plots. The 

dotted vertical lines in the bottom five plots show the baseline value of Ye = 0.8. 

Figure 3.2(a-e) represent five vertical pairs of plots which are generated by using 

five features namely GDP, population, land area, population density, and per

capita GDP to calculate Ci. The equity-based budget xf that U.S. state i receives 

is directly proportional to Ci. However, the same is not true for the investment Xi 

received, as Xi - xf is based purely on efficiency. Some of the U.S. states which 

receive the highest investments (xi) are labeled for the purpose of clarity and 

drawing comparisons. 

Some aspects that are common to all the top-row plots are discussed in this 

paragraph. Equity is not considered when Ye = 0, hence at this point the po

tential loss Qi is the only factor that differentiates percentage allocation x7 I B to 

U. S. states i. Based on the relatively large Qi values of California and Texas, 
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Figure 3.2: Optimal allocation (investment x; as a percentage of budget B, to 
each U. S. state i) and loss (q) as a function of equity coefficient (re) with five 
types of equity: by GDP, by population, by land area, by population density, 
and by per-capita GDP. The dotted vertical lines in the bottom five plots show 
the baseline value of re, which is the same for the top five plots also. 

the model allocates almost the entire budget to these two states. As re increases, 

a larger portion of the budget is allocated for equity, because of which the dis

tribution of investment to the U.S. states become more even. Thus, there is a 

clear shift in the allocation results, from California/Texas-only (at re = 0) to an 

even distribution across all 50 U.S. states (at re --f 1). This happens because the 

disparity in the potential loss Qi among the U. S. states (which is the only de

ciding factor at re = 0) is much higher than that in the Ci values (which is most 

influential at re --f 1), in all the five cases. 

When the top-row plots of the five cases (Figure 3.2a-e) are compared with 

each other, there are similarities as well as differences observed. The GDP-based 

and population-based equity cases (Figure 3.2a and Figure 3.2b respectively) fol

low closely similar trends. This implies that population and GDP could be in

terchangeably used as the metric for equity-based budget allocation, and would 

yield highly similar results. There are subtle yet important differences found in 

other cases. For example, when Ci is calculated based on land area (Figure 3.2c), 
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Alaska being the largest in terms of area receives significantly large investment 

when Ye -----f 1. New Jersey and Massachusetts receive the highest investment at 

higher values of Ye, when ci is based on population density (Figure 3.2d). Per

capita GDP appears to be the feature which allocates the budget most equally 

among all 50 U. S. states, when Ye -----f 1 (Figure 3.2e). The figures in the bot

tom row show that the overall losses at higher values of Ye are more in Figure 

3.2(c-e). This could mean that for higher levels of equity (e.g., 2: 0.5), GDP- or 

population-based equity could avoid costs more significantly than land area-, 

population density-, or percapita GDP-based equity. In short, the illustrations in 

Figure 3.2 helps in comprehending the trade-off between equity and efficiency 

when RA model model is used for budget allocation decision. This model and 

its parameters could be customized for any decision maker (federal/state/local 

governments) to suit their specific budget alloction 'problem.' 

Table 3.2 provides the values of investment Xi, vulnerability Zi, potential 

loss Qi, loss qi, and marginal loss dqi I dXi, for each (i) of the 50 U. S. states, 

calculated at the baseline equity level Ye = 0.8. California receives the largest 

allocation ($29.8 billion U.S.$) and has the least vulnerability (7.936 x 10- 5) due 

to its significantly large Qi. The highest loss ($27.6 billion) and the steepest 

marginal loss (-0.198) are also attributed to California. 

As the government has discretion to change the investment in fire protection, 

it would also be useful to analyze the optimal investment and losses in the 50 

U.S. states at different levels of budget. The losses at Ye = 0 are $262.2 billion, 

$255.6 billion, and $249.9 billion respectively for B = $50 billion, $100 billion, 

and $150 billion (changing the baseline $100 billion ±50%). The costs of equity 

(additional losses incurred by introducing equity) are 1.9%, 3.2%, and 4.1 % for 

these three cases respectively (Figure 3.3a). In the analysis, the coefficient of loss 
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Table 3.2: Investment Xi (billion U. S.$), fire risk score (vulnerability Zi = qi I Qi), 
potential loss Qi (billion U.S.$), loss qi (billion U. S.$), and marginal loss dqiI dXi 
calculated for each (i) of the 50 U.S. states. Calculations are made at the baseline 
(population-based) equity level re = 0.8, using the RA model in Section 3.3.3, 
based on 2014 data. 

State 
Investment 

X; 

Vulnerability 
zi = -ct = aie- A;x; 

Poten tial loss 
Q; 

Loss 
q; 

Marginal loss 
<1']j_ 
dX· 

Alabama (AL) 1.219 8.934E-05 45,784 4.090 -0.025 
Alaska (AK) 0.185 8.989E-05 6,982 0.628 -0.004 
Arizona (AZ) 1.692 8.898E-05 63,560 5.663 -0.034 
Arkansas (AR) 0.746 8.955E-05 28,005 2.509 -0.015 
California (CA) 29.755 7.936E-05 367,055 27.634 -0.198 
Colorado (CO) 1.347 8.919E-05 50,652 4.522 -0.027 
Connecticut (CT) 0.904 8.945E-05 34,062 3.049 -0.018 
Delaware (DE) 0.235 8.986E-05 8,858 0.796 -0.005 
Florid a (FL) 5.002 8.701E-05 187,837 16.406 -0.101 
Georgia (GA) 2.539 8.847E-05 95,392 8.455 -0.051 
Hawaii (HI) 0.357 8.978E-05 13,421 1.205 -0.007 
Idaho (ID) 0.411 8.975E-05 15,428 1.385 -0.008 
Illinois (IL) 3.238 8.805E-05 121,823 10.753 -0.066 
Indiana (IN) 1.659 8.900E-05 62,328 5.554 -0.034 
Iowa (IA) 0.781 8.953E-05 29,378 2.632 -0.016 
Kansas (KS) 0.730 8.956E-05 27,445 2.459 -0.015 
Kentucky (KY) 1.110 8.933E-05 41,675 3.726 -0.023 
Louisiana (LA) 1.169 8.929E-05 43,958 3.929 -0.024 
Maine(ME) 0.334 8.980E-05 12,559 1.128 -0.007 
Maryland (MD) 1.503 8.909E-05 56,527 5.042 -0.031 
Massachusetts (MA) 1.696 8.898E-05 63,867 5.690 -0.034 
Mich igan (MI) 2.492 8.850E-05 93,604 8.299 -0.051 
Minnesota(MN) 1.372 8.917E-05 51,614 4.607 -0.028 
Mississippi (MS) 0.753 8.954E-05 28,249 2.531 -0.015 
Missouri (MO) 1.524 8.908E-05 57,282 5.108 -0.031 
Mon tana (MT) 0.257 8.984E-05 9,666 0.869 -0.005 
Nebraska (NE) 0.473 8.971E-05 17,798 1.597 -0.010 
Nevada(NV) 0.714 8.957E-05 26,820 2.403 -0.014 
New Hampshire (NH) 0.334 8.980E-05 12,544 1.127 -0.007 
New Jersey (NJ) 2.247 8.865E-05 84,568 7.509 -0.046 
New Mexico (NM) 0.524 8.968E-05 19,697 1.767 -0.011 
New York (NY) 4.965 8.703E-05 187,019 16.338 -0.101 
North Carolina (NC) 2.500 8.849E-05 93,956 8.330 -0.051 
North Dakota (ND) 0.186 8.989E-05 7,006 0.630 -0.004 
Oh io(OH) 2.915 8.825E-05 109,568 9.690 -0.059 
Oklahoma (OK) 0.975 8.941E-05 36,637 3.278 -0.020 
Oregon (OR) 0.998 8.940E-05 37,536 3.358 -0.020 
Pennsylvania (PA) 3.215 8.807E-05 120,863 10.670 -0.065 
Rhode island (RI) 0.265 8.984E-05 9,974 0.896 -0.005 
South Carolina (SC) 1.215 8.926E-05 45,616 4.076 -0.025 
Sou th Dakota (SD) 0.215 8.987E-05 8,066 0.725 -0.004 
Tennessee (TN) 1.647 8.901E-05 61,865 5.513 -0.033 
Texas (TX) 6.777 8.598E-05 255,043 22.039 -0.138 
Utah (UT) 0.740 8.955E-05 27,805 2.491 -0.015 
Vermont (VT) 0.158 8.990E-05 5,919 0.532 -0.003 
Virginia (VA) 2.093 8.874E-05 78,731 6.997 -0.043 
Washington (WA) 1.775 8.893E-05 66,805 5.949 -0.036 
West Virginia (WV) 0.465 8.972E-05 17,468 1.568 -0.009 
Wisconsin (WI) 1.448 8.912E-05 54,414 4.855 -0.029 
Wyoming (WY) 0.147 8.991E-05 5,535 0.498 -0.003 
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Ai is assumed to be the same for each U. S. state (Ai = 0.006 Vi = 1, ..., 50). How

ever, if this parameter could be controlled by using technology investments, it 

would be interesting to figure out whether investing to improve technology is 

more optimal than investing in more of the existing technology. The three sce

narios are analyzed with Ai = 0.01, 0.02, and 0.03 (changing the baseline 0.02 

±50%), with population-based equity (Figure 3.3b). The losses at Ye = 0 are 

$262.5 billion, $255.6 billion, and $249.9 billion respectively for the three cases. 

The costs of equity are 1.8%, 3.2%, and 4.1% respectively, Based on these results, 

it could be generalized that the cost of equity increases in A (and in B) although 

the total loss decreases in A (and in B). 
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Figure 3.3: Sensitivity of the cost of equity to budget B and the investment ef
fectiveness A. The dotted vertical lines show the baseline value of Ye• 

From the numerical results and analysis presented in this section, the im

portance of choosing the optimal level of Ye becomes clear as the marginal cost 

of equity increases in Ye· Decision makers in the government and policy ana

lysts could use these analyses presented above to decide the desired level of Ye, 

thereby achieving the optimal trade-off between equity and efficiency. Addi

tional analysis of state-level AFG allocation has been provided in Section 3.4.1. 
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3.3.4 Outliers and Uncertainty 

It needs to be noted that California, and to some extent, Texas, are clear outliers 

in the analysis presented in this section (and those in Sections 3.3.5 and 3.3.6). 

This is because in the numerical analysis, the potential loss Qi and the equity 

coefficient Ci are the two factors that decide the differences in optimal allocation 

between different U. S. states. This can bee seen in Equation 3.1, and particu

larly because it is assumed that all U.S. states have equal ai and equal Ai. For 

California, Qi is the highest among all U.S. states, and ci is highest among all U. 

S. states for population-based equity, which is the baseline case. The Qi and Ci 

values of all 50 U. S. states are illustrated in Figure 3.4. In this situation, it may 

be useful to use a non-linear weighting function with diminishing marginal re

turns to convert the the Qi and/or Ci values to some other scale which will avoid 

the occurrence of outliers that may skew the analysis. For example, [205] use a 

non-linear "people weighting function" to introduce the effect of variable pop

ulation on disaster impacts. It is acknowledged that studying the resource al

location results more closely to analyze potential skewness introduced by the 

outliers is important, and identify this as a potential area for future research. 

Another important consideration is the uncertainty in estimating parameters 

such as ai and Ai in the RA model. Figure 3.5 shows the sensitivity of total loss 

q = LT~l qi and the optimal allocation x; to each U. S. state i as a percentage 

of budget B, to the parameters a and A (that is, ai and Ai, as the assumption is 

that ai = a and Ai = A, Vi E R). It is observed that total loss q is more sensitive 

to a than to A. Thus, in a trade-off situation of controlling uncertainty between 

a and A, the former would get preference over the latter, particularly because 

the objective of the RA model is to minimize total loss q. In this case, xd B for 
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Figure 3.4: Comparison of the potential loss Qi and equity coefficients ci cal
culated (for the five economic/demographic features used in Section 3.3.3) for 
each of the 50 U. S. states. Clearly, California, and to some extent, Texas, are 
outliers in the analysis. 

each i does not change in a and A, due to the assumption stated previously. As 

there is not sufficient investment and loss data for all 50 U.S. states for param

eter estimation, similar inferencing on the effect of uncertainty in parameters 

ai and Ai separately for each i is not possible. However, one potential way for 

future work to address uncertainty despite lack of data is to use a combination 

of robust and stochastic optimization techniques as done in [206]. 
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Figure 3.5: Sensitivity analysis of parameters a and A. The dotted vertical lines 
in (b) and (d) show the baseline values of the parameters on the X-axis, which 
are the same for (a) and (c) respectively. 

3.3.5 Fire Risk Score 

The fire risk score of each U. S. state i is defined as its vulnerability level (Zi), 

which expresses the ratio of expected losses (qi) to potential losses (Qi)- Six 

levels of risk scores are provided, namely Levels 1 through 6, wherein Level 1 

represents the lowest risk (least vulnerable to fire losses) and Level 6 represents 

the highest risk (most vulnerable to fire losses). Figure 3.6 shows a 'heatmap' 

of fire risk scores, in which darker shades (Level 6 being the darkest) represent 

higher risk scores and lighter shades (Level 1 being the lightest) represent lower 

risk scores, calculated at the baseline equity level of re = 0.8, using the RA 
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n Level 1: (7.50-7.75}e-05 

Level 2: (7.75-8.75}e-05 

■ Level 3: (8.75-8.85}e-05 

■ Level 4: (8.85-8.90}e-05 

■ Level 5: (8.95-8.98}e-05 

■ Level 6: (8.98-8.99)e-05 

Figure 3.6: Risk scores (vulnerability Zi = qi I Qi) for each U.S. state i at baseline 
equity level re = 0.8. The losses qi are taken from the RA model in Section 3.3.3 
based on 2014 data. 

model in Section 3.3.3. These scores are shown in Table 3.2 in Section 3.3.3. From 

Figure 3.6, some of the states with the highest risk scores (Level 6) are: Alaska, 

Alabama, Colorado, Maine, Oklahoma, North Dakota, and Washington. On the 

other end of the spectrum with lower risk scores (Levels 1 and 2) are: California, 

Florida, New York and Texas. shows risk scores calculated for each U.S. state 

i, . This methodology can be extended to calculate fire risk scores for counties, 

towns/municipalities, and ZIP codes. Thus, alongside calculating the optimal 

allocation and losses, the RA model also provides a methodology to assign fire 

risk scores to spatial units, using their vulnerability. This fire risk score helps 

incorporate a consideration of the inherent fire risk level of each spatial unit, 

while making allocation decisions. Additional analysis of fire risk scores has 

been provided in Section 3.5. 
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3.3.6 Model Validation & Utility 

In order to validate the optimal resource allocation model (RA model) in Sec

tion 3.3.2 and gauge its utility, its results (with population-based equity) are 

compared with the actual federal resource allocation to fire departments. The 

Assistance to Firefighters Grant (AFG), administered by FEMA, is a federal 

funding source for fire departments, which support their equipment, training, 

and other firefighter-related and Emergency Management Services (EMS) needs 

[207]. Here, the AFG allocation data from [208] is used, to show how the model 

formulated in Section 3.3.2 helps identify possible underinvestment and/or over

investment in some U.S. states, and prescribe optimal investment for every U. 

S. state. As population is a key factor considered in the AFG guidelines [207], 

comparing the results of the RA model that uses population-based equity with 

the AFG allocation makes sense. 

Figure 3.7(a-c) help to infer possible underinvestment and overinvestment 

in fire protection at the state-level, at various equity levels. Figure 3.7(c) shows 

that the AFG allocation in 2014 for Alabama, Ohio, and Pennsylvania were sig

nificantly higher than the optimal proposed by the RA model, at equity level 

re = 1. In contrast, the AFG allocation for California, Texas, and Florida were 

less than optimal. Now, this analysis is based on a 100% equity level based on 

population, which might not be an ideal fit for all resource allocation problems 

in fire protection. This drawback can be overcome in the future work by in

corporating combined effects of various factors besides population ( e.g., land 

area, population density, GDP) into the equity model, as well as by considering 

various equity level scenarios. 
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Figure 3.7: (a-c) show comparison of resource allocation as per the AFG pro
gram and the RA model in Section 3.3.2, for three levels of equity. The X-axis and 
the Y-axis show the investment in each U. S. state according to the RA model in 
Section 3.3.2 and the AFG 2014 allocation, respectively. The R2 values obtained 
using linear regression between the AFG and RA are shown for each of the three 
values of equity level Ye . (d) shows variation in correlation coefficient R2 with 
respect to equity level Ye• 

In order to understand the effect of equity level Ye on the correlation between 

the AFG and RA, a sensitivity analysis is performed, shown in Figure 3.7(d). The 

R2 value increases exponential in Ye, and hence the RA model's results resemble 

the AFG allocation more as Ye -----f 1. It could be inferred that the AFG allocation 

follows very high levels of equity, thereby compromising on efficiency. More 
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Figure 3.8: Comparing allocations of (a) the AFG and (b) the RA model in Sec
tion 3.3.2, with respect to (c) the number of incidents reported in NFIRS. Visu
ally, the allocations to U.S. states have higher similarity between (b) and (c) than 
between (a) and (c). 
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details on underinvestment and overinvestment are provided in Tables 3.9 and 

3.10 at the end of this chapter, in Section 3.7. 

Further insights on the utility of this model is provided in Figure 3.8 and 3.9, 

which test the correlation of resource allocation with other indicators of fire risk, 

such as the number of fire incidents. In each of the Figure 3.8(a-c), the number of 

states in the "bins" named "Level 1" through "Level 6" are 5, 10, 11, 10, 10, and 5 

respectively. A comparison of the AFG and RA funding in Figure 3.8(a) and (b) 

shows that AFG allocates more money to Alabama (in the same range as that of 

California) than Texas (Figure 3.8a), whereas RA model allocates more money to 

Texas than Alabama (Figure 3.8b). The five states that receive the most funding 

in RA are California, Texas, Florida, New York, and Illinois, which follow a sim

ilar order with the five states with the most number of NFIRS incidents (Texas, 

California, New York, Florida, and Illinois). On the other hand, the five states 

with the most AFG funding are: Pennsylvania, Ohio, New York, California, and 

Alabama (Figure 3.8a). In short, the RA model provides comparison results that 

are consistent with the distribution of the number of fire incidents (Figure 3.8c) 

(Data source: NFIRS [209]). 

Regression analysis of the RA and AFG with NFIRS incidents are presented 

in Figure 3.9. At higher values of equity such as re = 1 (Figure 3.9), the results 

of the RA model are significantly correlated with NFIRS incidents (R2 = 0.815) 

when compared to AFG (R2 = 0.458). The correlation of the allocation pre

scribed by the RA model with the number of fire incidents suggests the suitabil

ity of this model for potential budget-related policy making in fire protection. 

On the other hand, it could be possible that the number of applications for AFG 

awards from some U. S. states could be much more than those from another 
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Figure 3.9: (a-b) show regression analysis of the results of the RA model and 
AFG against the number of fire incidents (NFIRS), at equity level of Ye = 1. 
All values are aggregated at the state level. Clearly, RA has significantly better 
correlation (R2 = 0.815) than AFG (R2 = 0.458). Regression line in (a) represent: 
RA= -619, 691 + 301 x NFIRS and that in (b) represent: AFG= 1,902,792 + 
186 x NF IRS. (c) show variation in correlation coefficient R2 with respect to 
equity level Ye• 

state (which has more population and more fire departments), because of which 

there could be more awardee departments from the former state than the latter. 

3.4 Fire-Department-Level Resource Allocation 

Since AFG's inception in 2001, its allocations have significantly varied over the 

years, as shown in Figure 3.10. The mean, median, and standard deviation of 

AFG's yearly total of awards are $399.2, $310.7, and $163.9 million respectively. 

The number of awards has also fluctuated heavily with a standard deviation 

of 2229. These variations could have possibly happened due to the federal 

government's/FEMA's budgeting policy changes. Nevertheless, these are large 

enough to have potentially disturbed the fire risk preparedness and response 

capability of the U. S. 
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Figure 3.10: Yearly totals of AFG allocations. Over the years, the number of 
awards and the total award amounts have fluctuated significantly, although the 
average award amounts haven't changed significantly. 

3.4.1 AFG Awards Analysis 

AFG was initiated in the year 2001 following the World Trade Center incident of 

9/11. The total funds allocated through AFG has been varying over the years, 

and its trend is shown in Figure 3.11. Also shown in Figure 3.11 is the total 

fire protection allocation by all state and local governments (Data source: [210]). 

Years 2004 to 2015 are selected for analysis in this section because data on state 

& local government expenses is unavailable for some years prior to 2014 as well 

as beyond 2015 (as on December 06, 2017). Moreover, as AFG started in 2001, 

the only few years of AFG data left out of are 2001, 2002, and 2003. On com

parison, it is seen that the total of AFG awards has decreased by 50% over the 

12 years considered. The government expenses, on the other hand, has been 

steadily increasing, and has seen a 50% increase. Another point to note here is 

that the AFG awards contribute to only a fraction of the overall fire protection 

expenditure. For example, in 2015, the AFG awards totaled US$ 303.7 million, 

which was only 0.7% of the state & local government expenses that totaled US$ 

45.8 billion. Figure 3.12 presents a more detailed overview of the AFG awards, 
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Figure 3.11: Trends of AFG awards and State & local government expenditures 
on fire protection, 2004-2015. 

aggregated for each of the 50 states and the 6 territories (American Samoa, D.C., 

Guam, Northern Mariana Islands, Puerto Rico, and U.S. Virgin Islands.) A sim

ilar analysis of the state & local government expenses for fire protection, aggre

gated at the state level, is presented in Figure 3.13. As this figure includes 2001 

to 2003 (not presented in Figure 3.11), it is seen that AFG increased in the first 

few years since its inception in 2001, and then decreased gradually. A compar

ison of the 4 states receiving the most funding from AFG and from state & local 

governments is provided in Figure 3.14. While Pennsylvania, Ohio, California, 

and New York receive the highest through AFG, California, Florida, New York, 

and Texas receive the most from their state & local governments. 

3.4.2 Geospatial Analysis of Fire Accidents 

Geospatial analysis is an integral part of this research because it gives an idea 

about the distribution of fire accidents across the geographical area of the United 



71 

.... 
0 
+ 
Q) 

"' State 

◊ AK ◊ KY ◊ O H 

◊ AL O LA ◊ OK 

0 AR 0 MA 0 0R 

O AS O M □ O PA 

◊ AZ. ◊ ME ◊ PR 

.... 
C: .... -

0 CA 0 MI O RI 

o co O M N ◊ SC 
:::, 0 
0 + O CT ◊ MO O S □ 

E ~ ◊ □C ◊ MP ◊ TN 

ro ◊ □E ◊ MS ◊ TX 

"E ◊ FL ◊ MT ◊ UT 

ro r---
3: ~ ro ., 

N 
(9 

◊ GA ◊ NC ◊ VA 

◊ GU ◊ N □ ◊ VI 

O Hi 0 NE 0 VT 

LL ◊ IA ◊ NH ◊ WA 

<( ....- ◊ ID ◊ NJ ◊ WI 

0 O IL 0 NM 0 WV 
+ 
Q) ◊ IN ◊ NV ◊ WY 

◊ KS ◊ NY 

0 
0 

~2001 ' 2002' 2003' 2004' 2005' 200s' 2007 200s' 2009' 2010' 2011 ' 2012' 20n' 2014' 2015' 2015' 
Year 
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Figure 3.13: State-level trends of governments' fire protection expenditures, 
2001-2016. 

States. Figure 3.16 provides shows a county level occurrence density of fire in

cidents in the U. S., in 2014. Later sections in this chapter discusses an opti

mization model for allocating resources to fire departments. In that context, it 

is important to compare the fire incidents with the availability of firefighting 
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Figure 3.15: Cini coefficients for 2004 to 2015, calculated by comparing the 
states' AFG award totals with their state & local government expenditures. 

resources in the U. S. as a baseline. For example, Figure 3.17 provides distri

bution of firefighters across all the counties in the U. S. The Cini coefficient is 

used here as a means to compare the per capita distribution of firefighters and 

the number of incidents. Cini coefficient, widely used in economics literature 

as a measure of income equality, has been adapted by other related fields that 

study resource allocation, e.g., homeland security [204] and healthcare [211]. In 

this paper, the Cini coefficient is calculated as a difference measure between the 
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count of fire incidents (Xi) and the count of firefighters per capita (Yi), across all 

U. S. counties i EC, where ICI = 3143, using Equation 3.2: 

(3.2) 

The Cini coefficient can take values in the range 0 ::; G ::; 1 with higher 

values indicating more inequality. The Cini coefficient for the overall U. S. is 

0.538, and the state-level values are given in Table 3.3. The states are arranged 

in the increasing order of their Cini coefficients, from DC ( G = 0) to CA ( G = 

0.767). DC has only one county record in the data, which is why it has a perfect 

Cini coefficient of 0. 

Number of fire incidents 
per 1000 population 

Level 1: (0 to3) 

Level 2 : (3 to 6) 

Level 3: [6 to 9) 

Level 4 : (9 to 15) 

Level 5: (15 to 332) 

Figure 3.16: Percapita number of fire incidents in the U. S. in 2014. Fire inci
dent data was collected from NFIRS, and the population data from U.S. Census 
Bureau. 
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Table 3.3: Cini coefficients for U.S. states, using 2014 data. 

State 
No. of 

firefighters 

Percapita 
no. of fire 
incidents 

Cini 
coeff. 

State 
No. of 

firefighters 

Percapita 
no. of fire 
incidents 

Cini 
coeff. 

District of 1,503 0.002 0.000 Oklahoma (OK) 22,698 0.634 0.378 
Columbia (DC) 
Delaware (DE) 4,529 0.018 0.041 Kansas (KS) 22,079 1.602 0.392 
Vermont (VT) 5,628 0.068 0.209 South Carolina 27,067 0.380 0.393 

(SC) 
Maine(ME) 9,997 0.057 0.241 Michigan (MI) 38,246 0.565 0.400 
West Virginia 14,396 0.357 0.261 Pennsylvania 79,394 0.097 0.410 
(WV) (PA) 
Rhode island 4,211 0.002 0.263 South Dakota 12,548 0.452 0.422 
(RI) (SD) 
Iowa(IA) 28,067 0.593 0.275 Idaho (ID) 7,993 0.408 0.429 
Connecticut 15,738 0.040 0.325 Virginia (VA) 52,182 1.057 0.429 
(CT) 
Hawaii(HI) 2,266 0.013 0.326 Wyoming (WY) 4,913 0.185 0.432 
Louisiana (LA) 22,548 0.307 0.326 New York (NY) 119,340 0.246 0.438 
Minnesota 29,327 0.531 0.330 Oregon (OR) 14,263 0.240 0.469 
(MN) 
Massachusetts 18,879 0.077 0.333 Montana (MT) 8,858 0.553 0.472 
(MA) 
Mississippi 21,755 1.981 0.333 Illinois (IL) 54,851 0.693 0.477 
(MS) 
Wisconsin (WI) 41,499 0.257 0.334 Alaska (AK) 4,938 0.179 0.490 
New Mexico 6,102 0.027 0.337 Georgia (GA) 37,033 0.802 0.493 
(NM) 
Tennessee (TN) 36,876 0.929 0.341 Washington 23,266 0.428 0.522 

(WA) 
Arkansas (AR) 22,112 0.758 0.344 Maryland (MD) 30,375 0.178 0.526 
Missouri (MO) 35,296 1.117 0.346 Arizona (AZ) 11,652 0.023 0.534 
New Jersey (NJ) 39,614 0.081 0.348 Nebraska (NE) 17,711 1.384 0.561 
New Hamp- 7,099 0.029 0.351 Florida (FL) 39,123 0.314 0.573 
shire (NH) 
North Carolina 68,165 0.674 0.358 Texas (TX) 74,596 2.864 0.581 
(NC) 
Alabama (AL) 31,285 0.275 0.360 Utah(UT) 7,125 0.151 0.586 
Kentucky (KY) 33,353 0.851 0.361 Colorado (CO) 18,311 0.361 0.643 
Indiana (IN) 39,820 0.943 0.365 Nevada(NV) 8,295 0.108 0.702 
North Dakota 14,531 0.634 0.366 California (CA) 35,740 0.008 0.767 
(ND) 
Ohio(OH) 61,430 0.813 0.372 

3.4.3 Estimating Parameters for Individual Fire Departments 

Building on the RA model in Section 3.3.2, a centralized budget allocation model 

can be created to replicate FEMA's AFG allocation to various fire dep artments 

across the US. That is, the model can be expressed as: 

n n 
min q = Lqi = LQi£Xie-f3;x; (3.3) 

x, i=l i=l 
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Figure 3.17: Percapita number of firefighters in the U.S. in 2014. Fire incident 
data was collected from NFIRS, and the population data from U.S. Census Bu
reau. 

subject to constraints 

n

LXi ::; B and Xi 2: xf Vi = 1, ..., n; 
i=l 

where xf = CireB, and Li=l Ci = 1. All notations are the same as those in Section 

3.3.2, except for £Xi that represents initial vulnerability, f3i that represents the 

effectiveness of investment, and i represents fire department i. 

As AFG awards are allocated to individual fire departments, it is important 

to estimate the initial vulnerability £Xi and investment effectiveness f3i param

eters separately for each fire department i E F where F is the set of all fire 

departments in the U.S. Individual fire department data is used in this section 

to estimate £Xi and investment effectiveness /3i Vi E F5, where F5 C F. The data 

used come from various sources such as NFIRS, National Fire Department Reg

istry (NFDR), and the U.S. Census. The data processing steps are explained in 

Figure 3.18. 
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Figure 3.18: Explanation of data processing, part 1. Under fire department (FD) 
type, "Car," "Com," and "Vol" denote career, combination, and volunteer re
spectively. Pl through PS are the five population (p) tiers; where Pl: p ::; 100k, 
P2: 100k < p ::; 500k, P3: 500k < p ::; lM, P4: lM < p ::; 2.5M and, PS: 
p > 2.5M. X and Y represent the available data points and the total number of 
fire departments respectively. 

l 
FD type X y Assumption 

NFIRS Car-Pl 168 1,414 ---
(20 million records/year 

Car-P2 0 225 Same as Car-Pl1980-2016) [ FD data J 
(1,354 fire depts.) Car-P3 0 24 Same as Car-Pl 

AFG Car-P4 0 8 Same as Car-Pl 
(63,014 awards - Remove 

2001-2017) FDs with Car-PS 0 3 Same as Car-Pl 

a< 0 or Com-Pl 185 4,149 ---

NFDR fl < 0 Com-P2 4 134 ---
(27,225 fire depts. rge - Remove 
As on March 2018) FDs with Com-P3 0 14 Same as Com-Pl 

< 2 AFG Com-P4 0 3 Same as Com-Pl 
Census population data awards Com-PS 0 1 Same as Com-Pl

(33,120 ZIP codes 
2004-2016) Vol-Pl 120 12,769 ---

FD data[ (502 fire depts.) Vol-P2 23 96 ---
Census GDP data J 

Vol-P3 2 0 ---
(34,057 ZIP codes 

2004-2015) Vol-P4 0 0 ---

Vol-PS 0 0 ---

F5 is used in place of F due to the following constraints. There are IFI = 

27,225 fire departments across the U. S. that are recorded in NFDR, however, 

it is not necessary that each of these departments received at least one award 

during the 2001 to 2016 period, for which 63,014 individual awards data are 

collected. Moreover, it is necessary to have at least two data points (two awards) 

for fire department i to fit the loss function (similar to the one in Equation 3.1) 

and estimate parameters rxi and /Ji. Although there are tens of thousands of 

structural fire incidents reported in NFIRS, it is likely that fire incidents in some 

jurisdictions have not been reported, as NFIRS reporting is voluntarily. 
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Table 3.4: Descriptive statistics on initial vulnerability a: and investment effec
tiveness f3 parameters, estimated for 502 unique fire departments. 

s tandard 
parameter min median mean max 

deviation 
1t l.448808e-10 3.845826e-05 l.019936e+0l 2.009427e+03 l.173480e+02 
f, l.585528e-08 l.219615e-05 5.401819e-05 7.903876e-04 l.029733e-04 

Inconsistencies in the fire department names and IDs used in AFG, NFIRS, 

and NFDR make it difficult for efficiently merging all the data sources with each 

other. 

After merging AFG, NFIRS, NFDR, and U. S. Census data, followed by data 

processing and cleaning, we are left with data for 502 fire departments. These 

fire departments constitute F5, and l\:'.i and /3i values\/ i E F5 are estimated. Table 

3.4 gives some descriptive statistics about these parameters. The standard de

viation values indicate that there is high variability in a:, however, not so much 

in /3 . The large variability in these parameter values indicate that all fire de

partment jurisdictions cannot be expected to have similar responsiveness to the 

same dollar investment. The parameters l\:'.i and /3i capture the properties inher

ent to fire department i's jurisdiction. The 502 points are grouped into 15 fire 

department types, and for those types with no data, it is assumed that the pa

rameters follow the same distribution as that of a similar type (see right-hand

side table in Figure 3.18). Random samples are drawn without replacement 

from a truncated normal distribution, as explained in Table 3.4. 

Despite trying various approaches as mentioned above, the data quality ap

pears to be too bad for using as input in an optimization model. Hence fire 

department resource allocation is flagged as an area for future research, when 

richer data is available. 
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Table 3.5: Simulation of initial vulnerability (a:) and investment effectiveness 
(/3) parameters. Under fire department (FD) type, "Car," "Com," and "Vol" 
denote career, combination, and volunteer respectively. Pl through PS are the 
five population (p) tiers; where Pl: p ::; 100k, P2: 100k < p ::; 500k, P3: 500k < 
p ::; lM, P4: lM < p ::; 2.5M and, PS: p > 2.5M. X and Y represent the available 
data points and the total number of fire departments respectively. Vol P4 and 
Vol PS are not considered, as there is no data/no fire department registered in 
NFDR in that category. For each FD type, column X shows the number of fire 
departments for which data is available, and the column Y shows the actual 
number of FDs in the US. 

FD type X y Min,x Mean,x Std dev"' Max,x Min/3 Mean/3 Std dev /3 Max/3 
Car-Pl 168 1,414 1.45E-10 1.55E+0l 1.29E+02 1.60E+03 1.59E-08 7.89E-05 1.22E-04 7.26E-04 
Car-P2 0 225 1.45E-10 1.55E+0l 1.29E+02 1.60E+03 1.59E-08 7.89E-05 1.22E-04 7.26E-04 
Car-P3 0 24 1.45E-10 1.55E+0l 1.29E+02 1.60E+03 1.59E-08 7.89E-05 1.22E-04 7.26E-04 
Car-P4 0 8 1.45E-10 1.55E+0l 1.29E+02 1.60E+03 1.59E-08 7.89E-05 1.22E-04 7.26E-04 
Car-PS 0 3 1.45E-10 1.55E+0l 1.29E+02 1.60E+03 1.59E-08 7.89E-05 1.22E-04 7.26E-04 
Com-Pl 185 4,149 3.0SE-08 1.31E+0l 1.49E+02 2.01E+03 1.02E-07 4.96E-05 1.03E-04 7.90E-04 
Com-P2 4 134 1.69E-05 2.24E-04 3.24E-04 7.08E-04 7.24E-08 7.96E-07 1.26E-06 2.68E-06 
Com-P3 0 14 1.69E-05 2.24E-04 3.24E-04 7.08E-04 7.24E-08 7.96E-07 1.26E-06 2.68E-06 
Com-P4 0 3 1.69E-05 2.24E-04 3.24E-04 7.08E-04 7.24E-08 7.96E-07 1.26E-06 2.68E-06 
Com-PS 0 1.69E-05 2.24E-04 3.24E-04 7.08E-04 7.24E-08 7.96E-07 1.26E-06 2.68E-06 
Vol-Pl 120 12,769 3.S0E-08 8.28E-01 7.00E+00 7.52E+0l 3.20E-08 2.87E-05 6.0SE-05 4.16E-04 
Vol-P2 23 96 1.40E-05 1.30E-01 6.14E-01 2.95E+00 1.56E-07 5.33E-05 1.0SE-04 4.13E-04 
Vol-P3 2 0 4.09E-06 9.S0E-05 1.29E-04 1.86E-04 9.40E-08 1.02E-06 1.31E-06 1.95E-06 

3.5 State-Level Analysis and Observations 

This section explores some extensions of the works presented previously in this 

chapter. 

NFIRS loss 
in thousand US$ 

(17.1 to 25.2 ) 

(25.21028.2) 

(28.21030.7) 

(30.7 to 34.2 ) 

(34.21037.5) 

[37.5 1041 .2) 

(41.2 to 89.2] 

Figure 3.19: The state-wise distribution of NFIRS losses (averages of yearly to
tals for the period 2005-2015). 
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Vu lnerabil ity 

[9.65e-11 to 3.03e-1 0) 

[3.031e -1 0 to 4.710e- 10) 

[4.714e-1 0 to 7.SOOe-1 0) 

[7.504e-1 0to 1.138e- 09) 

[1.1377e--09 to 1.9750e-09: 

[1.9752e--09 to 3.9670e-09: 

[3.9674e--09 to 1.3081e-08] 

Figure 3.20: The state-wise distribution of vulnerability (averages of yearly to
tals for the period 2005-2015). 

Potential loss 
in trill ion US$ 

[5.33 to 10.20) 

(1 0.16 to 19.60) 

{19.55 to 34.20) 

[34.25 to 51.10) 

[51.13 to 63.50) 

[63.45 to 111 .00) 

■ {111.01 10361.20] 

Figure 3.21: The state-wise distribution of potential loss, that is, GDP + popula
tion value (averages of yearly totals for the period 2005-2015). 

Comparing Figures 3.19 and 3.20, NFIRS losses and vulnerability do not 

have similar distributions across states. That is because, NFIRS losses do not 

have the similar distribution to that of potential loss (GDP+ population value; 

shown in Figure 3.21), which is the normalizing factor used to calculate vulner

ability as follows: 

(3.4) 

https://10361.20
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AFG awards 
in millon US$ 

(0.91 to 1.98) 

{1.98 10 4.17) 

(4.1 7 106.39) 

[6.39 to 8.29) 

(8.29 10 11 .97) 

{11 .97 to 17.39) 

■ {17.39 to 36.27] 

Figure 3.22: The state-wise distribution of AFG awards (averages of yearly totals 
for the period 2005-2015). 

State & loca l goverment 
fire protection expenditure 
in bill ion US$ 

(0.04 10 0 .16 ) 

(0.16 to 0.27) 

(0.27 to 0.45) 

(0.45 to 0.69) 

(0.69 to 0.99) 

(0.99 10 1.26) 

(1.26 to7.51J 

Figure 3.23: The state-wise distribution of state & local governments' fire pro
tection expenditure (averages of yearly totals for the period 2005-2015). 

where Zi is the vulnerability, qi is the loss (NFIRS), and Qi is the potential loss, Pi 

is the population, and gi is the GDP of each state i E N (N = 1, 2, .., 51, including 

District of Columbia). Also, vis the value of a statistical life. 

From Figures 3.19, 3.20, and 3.21, the states with largest potential loss (largest 

GDP+ population) such as California, Florida, New York, and Texas have rela

tively low NFIRS losses. This is interesting as one would expect more structural 
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fire incidents and associated losses in more populated areas with more build

ings/economic activity. One potential reason could be that NFIRS is under

reported in these states. 

According to USFA, "NFIRS is not a complete census of reported fires in the 

U.S. The NFIRS database comprises 75 percent of all reported fires that annually 

occur." Also, it says: "This database is for researchers and fire data analysts. You 

should have considerable experience with fire data analysis and NFIRS data to 

properly use the PDR. Using raw NFIRS data as a count of fires and associated 

deaths, injuries and dollar loss is NOT a proper use of [the NFIRS public data 

release] PDR." 

Comparing Figures 3.22 and 3.23, it is found that AFG awards are only 

1/100-th of the state and local government expenditures. The averages of all 

states total $45.1 million for AFG and $460.5 billion for government expendi

tures. 

There is strong similarity between state & local government fire protection 

expenditure and AFG awards. However, there are a few differences. On the 

one hand, states such as Alabama, North Carolina, and Pennsylvania receive 

the highest share of AFG awards, whereas their governmental budgets are rela

tively lower. On the other hand, states such as Nevada receive the lowest share 

of AFG, while their government expenditures are not the lowest. 

Comparing Figures 3.21 and 3.23 Without surprise, states with the largest 

potential loss with the exception of Pennsylvania (California, lllinois, Florida, 

New York, Ohio, and Texas), have largest budgets from their governments for 

fire protection. However, some of these states, such as Florida and Texas, do not 

have the largest AFG awards (Figure 3.22) 
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AK 

Figure 3.24: States' fire protection expenses v / s vulnerability (averages of yearly 
totals for the period 2005-2015) . 
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Figure 3.25: AFG awards v / s vulnerability (averages of yearly totals for the 
period 2005-2015). 
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Figure 3.26: NFIRS losses v / s vulnerability (averages of yearly totals for the 
period 2005-2015). 
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Figure 3.27: States' fire protection expenses v / s AFG awards (averages of yearly 
totals for the period 2005-2015). 
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Figure 3.28: States' fire protection expenses v / s AFG awards, both normalized 
by potential losses (averages of yearly totals for the period 2005-2015). 
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Figure 3.29: States' fire protection expenses v / s AFG awards, both normalized 
by NFIRS losses (averages of yearly totals for the period 2005-2015). 



85 

Vulnerability follows an "exponential decay" relationship with government 

expenses (Figure 3.24) and with AFG award allocations (3.25), despite the dif

ferences in the proportion of allocations to states, in these two cases. This can be 

related to the results in [1], which shows that the vulnerability to fire losses de

creases exponentially in expenditure, using U.S. national-level aggregate data 

for 1980 to 2014. 

In Figure 3.25, states such as California, New York, Ohio, and Pennsylvania 

receive largest shares of AFG, and they have significantly low vulnerability. An 

interesting question is: has the vulnerability decreased due to increased AFG 

allocation? Paradoxically, if the vulnerability is low, are continued large AFG 

allocations necessary? In Figure 3.26, no clear trend or relationship between 

NFIRS losses and vulnerability are visible. Logarithmic or other transforma

tions may provide more information. Figure 3.27 shows a subtle positive linear 

correlation between government expenses and AFG awards. States such as Al

abama, Ohio, and Pennsylvania receive highest shares of AFG, whereas these 

do not have the highest government budgets. 

Figures 3.28 and 3.29 both show normalized values of government expenses 

and AFG awards. The former figure uses potential loss to normalize and the 

latter uses NFIRS loss. While normalization by NFIRS loss (Figure 3.29) shows 

a weak positive correlation between between government expenses and AFG 

awards, normalization by potential loss (Figure 3.28) shows a weak negative 

correlation. From Figure 3.28, it could be perceived that larger AFG allocations 

are provided to states whose government budgets are not adequate with respect 

to their potential losses. Key observations from the figures presented previously 

in this section are summarized below: 



86 

1. States with highest risk scores are Alaska, Montana, North Dakota, South 

Dakota, Vermont, Wyoming. 

2. States with lowest risk scores are Arizona, California, Florida, Illinois, 

North Carolina, New York, Pennsylvania, Texas. Most of these states have 

highest "potential loss" values (GDP+ value of population). 

3. From Figures 3.19, 3.20, and 3.21, the states with largest potential loss 

(largest GDP + population) such as California, Florida, New York, and 

Texas have relatively low NFIRS losses. This is interesting as one would 

expect more structural fire incidents and associated losses in more popu

lated areas with more buildings/economic activity. One potential reason 

could be that NFIRS is under-reported in these states. 

4. Vulnerability follows an "exponential decay" relationship with govern

ment expenses (Figure 3.24) and with AFG award allocations (3.25), de

spite the differences in the proportion of allocations to states, in these two 

cases. This can be related to the results in [1], which shows that the vul

nerability to fire losses decreases exponentially in expenditure, using U.S. 

national-level aggregate data for 1980 to 2014. 

5. Figure 3.27 shows a subtle positive linear correlation between government 

expenses and AFG awards. States such as Alabama, Ohio, and Pennsylva

nia receive highest shares of AFG, whereas these do not have the highest 

government budgets. 

6. Figures 3.28 and 3.29 both show normalized values of government ex

penses and AFG awards. The former figure uses potential loss to nor

malize and the latter uses NFIRS loss. While normalization by NFIRS loss 
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(Figure 3.29) shows a weak positive correlation between between govern

ment expenses and AFG awards, normalization by potential loss (Figure 

3.28) shows a weak negative correlation. 

The results from the RA model in Section 3.3.2 is presented here again, with 

AFG's map (Figure 3.30) and RA model's map (Figure 3.31) having similar color 

bins, which make it easier to compare. The risk scores for 50 states have been 

calculated using 2005-2015 data, in Figure 3.32. This is different from risk scores 

in Section 3.3.5, which were calculated using RA model results in Section 3.3.3. 

Thus, the risk scores in Section 3.3.5 denote the fraction of someone's property 

that could be lost to fire, given the state they live in, and given that the model's 

recommendations are implemented. On the other hand, risk scores in Figure 

3.32 denote the fraction of someone's property that could be lost to fire given 

the state they live in, based on historical loss trends. 

AFG's allocation 
for 2014 (US$) 

Level 1: 0- 1M 

Level 2: 1M - 3M 

Level 3: 3M - 5M 

Level 4: 5M - 7M 

Level 5: 7M - 13M 

Level 6: 13M - 27M 

Figure 3.30: AFG allocation in 2014. 

As per Figure 3.32, states with highest risk scores are Alaska, Montana, 

North Dakota, South Dakota, Vermont and Wyoming, according to the model. 

States with the lowest risk scores were Arizona, California, Florida, Illinois, 

North Carolina, New York, Pennsylvania and Texas. 
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Model's allocation 
for 2014 (US$) 

Level 1: 0- 1M 

Level 2: 1 - 3M 

Level 3: 3 - 5M 

Level 4: 5- 7M 

Level 5: 7 -1 3M 

Level 6: 13 - 89M 

Figure 3.31: RA model's recommended allocation for 2014. 

Risk score 

Level 1: 9.6e-11 to 3.0e-1 0 

Level 2: 3.0e-1 0 to 6.0e-10 

Level 3: 6.0e-10 to 1.0e-09 

Level 4: 1.0e-09 to 2.0e-09 

Level 5: 2.0e-09 to 3.9e-09 

Level 6: 3.9e-09 to 1.3e-08 

Figure 3.32: Fire risk scores calculated for the period 2005-2015). 

3.6 Conclusion, Discussion, and Future Research Di-

rection 

This chapter presented some models and insights on the investment, its effec

tiveness, and resource allocation in fire protection. The key contributions of this 

dissertation to the literature are: (i) modeling strategic (national- or state-level) 

resource allocation for fire protection with equity-efficiency trade-off consider

ations, (ii) presenting a methodology to validate the resource allocation model 

and show its utility, and (iii) creating the concept of fire risk scores for various 

regions. 
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While the existing literature on fire protection resource allocation focuses on 

the operational-level problems, this dissertation focuses on strategic-level prob

lems that could be extended to incorporate operational-level details such as de

mographic and economic factors. The optimal resource allocation model (RA 

model) and its numerical analyses present various scenarios which illustrate 

the trade-off between equity and efficiency. Choosing the optimal level of eq

uity fraction could pose a challenge to the decision makers, however, this chap

ter presents the modeling and analysis techniques to ease the decision-making 

process. The decision making can be made more accurate by developing better 

estimates of the parameters in the loss function. 

Regarding the optimal resource allocation model, future work could explore 

whether developing a 'hybrid' equity level parameter that incorporates all in

fluencing factors ( e.g., population, land area, population density, GDP, and per

capita GDP) would yield better results. The possible policy implications from 

the optimal resource allocation problems could be that in order to minimize the 

overall losses, regions with more investment effectiveness will receive higher 

investments and vice-versa. Although this might be the overall best solution, 

regions with lower investment effectiveness suffer because they receive less in

vestment. The effects of budget, equity level, and other important parameters 

could be studied using sensitivity analysis. This also emphasizes the need for 

root-cause analysis of why investment effectiveness tends to be low in certain 

regions. This would call for fire station-level analysis of preparedness and ef

fectiveness. The possible causes of imbalance in effectiveness could be tech

nological, operational, or other. The trade-off between equity and efficiency in 

resource allocation could be extended from the U.S. national-level to the U.S. 
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state, county, and fire-district levels. Fire risk scores explored in this dissertation 

are useful indicators for comparing the vulnerability of various regions. 

The validation and utility of the RA model presented are discussed, using a 

comparative analysis with the Assistance to Firefighters Grant (AFG) allocation. 

The comparison shows potential underinvestment and overinvestment for fire 

protection in some U. S. states. In addition, it is also shown that at higher val

ues of equity, the correlation of the RA model's results with the number of fire 

incidents is much more significant than that of the AFG allocation. This sug

gests the suitability of this model for potential budget-related policy making 

in fire protection. While RA model can be extended for county-level or fire

department-level resource allocation, lack of public data at these levels poses a 

challenge for model validation. The numerical analysis in Section 3.3.3 follows 

a discussion on the occurrence of outliers in the results (e.g., allocation to Cali

fornia and Texas are far larger than that to other states) and the uncertainty in 

estimating parameters from regression. Addressing outliers and uncertainty is 

a potential future research direction. In the future work, actual losses in indi

vidual U.S. states (and other regions such as counties and ZIP codes) could be 

calculated and compared to the results of the RA model. 

Finally, this study opens the door to many important questions in decision 

making in fire hazard preparedness and investments. The statistics in NFPA 

reports give the overall estimates of investments and losses, however it is im

portant to comprehend the situation from multiple dimensions. The NFIRS 

database [209] constitutes the incidents reported by individual fire departments, 

and this will make it possible to analyze the scenario at the state, county, or fire 

district level. The possible differences in the fire risk scores and preparedness of 

various regions could be incorporated in the modeling and analysis. The future 
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work on resource allocation could take into account important demographic, 

economic, and other factors such as population, income, urbanization, resilience 

of buildings and infrastructure to fire, insurance, inflation, and weather. Fur

thermore, optimal location models could be developed to study potential relo

cation of specific fire departments/fire stations or deployment of new ones in 

order to make sure that all parts of the population are served more equally. This 

would be a more specific resource allocation problem than that discussed in this 

paper. Cost-benefit analysis of the relocation decision, the expected economic 

gains due to possible mitigation of fire losses, and the additional costs incurred 

due to relocation could be carried out. 

A limitation of the AFG analysis is that AFG allocations only account for 

less than 1 percent of state and local government expenditures. Another limita

tion in this study is that losses reported in the National Fire Incident Reporting 

System, under which the fire risk scores were calculated, cover only 75 percent 

of all fire incidents nationwide. One future work is to expanding the discus

sion in Section 3.4.1 on state-level fire protection budgets (data available from 

U.S. Census) in comparison with AFG awards, relating with "community risk 

reduction" and "needs assessment" concepts. 

3.7 Data for RA Models 
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1985 

1990 

1995 

2000 
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Table 3.6: Investment, economic loss (U.S., overall), and U.S. GDP, all in billions 
of U.S. dollars, adjusted to the 2014 U.S. dollar. Data sources: [2], [3], and [4]. 

Year Total Investment (d1) Total Loss (q1) U.S. GDP (R1) U. S. Population (L1) 

113.5 105.0 8244.01 227220000 

2013 264.1 52.3 17025.35 316200000 
2014 273.1 55.4 17393.10 318560000 

1981 112.4 105.5 8348.49 229470000 
1982 115.9 96.5 8161.78 231660000 
1983 120.1 96.1 8658.77 233790000 
1984 126.6 88.1 9253.19 235820000 

127.9 97.5 9606.28 237920000 
1986 139.8 92.0 10006.54 240130000 
1987 143.3 93.2 10178.75 242290000 
1988 146.1 99.4 10557.78 244500000 
1989 147.4 90.4 10862.77 246820000 

154.3 85.4 10942.65 249620000 
1991 144.1 81.0 10804.58 252980000 
1992 149.9 80.0 11116.81 256510000 
1993 157.3 79.8 11349.88 259920000 
1994 165.7 74.3 11767.10 263130000 

170.2 77.0 11955.93 266280000 
1996 173.1 80.3 12312.31 269390000 
1997 180.3 69.2 12740.60 272650000 
1998 188.3 69.1 13270.19 275850000 
1999 192.2 66.4 13814.69 279040000 

204.3 71.8 14193.00 282160000 
2001 207.7 65.7 14233.24 284970000 
2002 208.9 65.8 14490.32 287630000 
2003 216.8 64.4 14963.87 290110000 
2004 230.9 64.9 15466.41 292810000 

236.3 65.8 15974.35 295520000 
2006 250.1 64.3 16211.39 298380000 
2007 256.3 63.5 16504.50 301230000 
2008 256.7 66.1 15896.07 304090000 
2009 242.2 60.5 16004.80 306770000 

240.8 55.8 16311.17 309350000 
2011 241.1 56.0 16293.82 311660000 
2012 261.3 55.5 16801.47 314000000 

https://16801.47
https://16293.82
https://16311.17
https://16004.80
https://15896.07
https://16504.50
https://16211.39
https://15974.35
https://15466.41
https://14963.87
https://14490.32
https://14233.24
https://14193.00
https://13814.69
https://13270.19
https://12740.60
https://12312.31
https://11955.93
https://11767.10
https://11349.88
https://11116.81
https://10804.58
https://10942.65
https://10862.77
https://10557.78
https://10178.75
https://10006.54
https://17393.10
https://17025.35
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Table 3.7: GDP, population, land area, population density and per-capita GDP, 
for the 50 U.S. states. GDP is in billions of U.S. dollars, adjusted to the 2014 U. 
S. dollar. Data sources: [3] and [4]. 

State 
GDP 

(million U. S.$) 
Population 

Land area 
(sq. miles) 

Population d ensity 
(capita per sq. mile) 

Percapita GDP 
(million U. S.$ 

percapita) 
Alabama (AL) 181,923 4,779,736 50,645 94.377 0.D38 
Alaska (AK) 59,318 710,231 570,641 1.245 0.084 
Arizona (AZ) 255,621 6,392,017 113,594 56.271 0.040 
Arkansas (AR) 109,378 2,915,918 52,035 56.037 0.038 
California (CA) 2,031,348 37,253,956 155,779 239.146 0.055 
Colorado (CO) 266,796 5,029,196 103,642 48.525 0.053 
Connecticut (CT) 232,271 3,574,097 4,842 738.090 0.065 
Delaware (DE) 59,763 897,934 1,949 460.824 0.067 
Florida (FL) 735,244 18,801,310 53,625 350.609 0.039 
Georgia (GA) 418,917 9,687,653 57,513 168.441 0.043 
Hawaii(HI) 69,689 1,360,301 6,423 211.798 0.051 
Idaho (ID) 57,081 1,567,582 82,643 18.968 0.036 
Illinois (IL) 679,269 12,830,632 55,519 231.104 0.053 
Indiana (IN) 291,890 6,483,802 35,826 180.980 0.045 
Iowa (IA) 149,402 3,046,355 55,857 54.538 0.049 
Kansas (KS) 137,654 2,853,118 81,759 34.897 0.048 
Kentucky (KY) 172,255 4,339,367 39,486 109.895 0.040 
Louisiana (LA) 236,958 4,533,372 43,204 104.930 0.052 
Maine(ME) 51,481 1,328,361 30,843 43.069 0.039 
Maryland (MD) 323,942 5,773,552 9,707 594.768 0.056 
Massachusetts (MA) 413,673 6,547,629 7,800 839.433 0.063 
Michigan (MI) 401,360 9,883,640 56,539 174.811 0.041 
Minnesota (MN) 284,491 5,303,925 79,627 66.610 0.054 
Mississippi (MS) 96,840 2,967,297 46,923 63.237 0.033 
Missouri (MO) 256,996 5,988,927 68,742 87.122 0.043 
Montana (MT) 40,842 989,415 145,546 6.798 0.041 
Nebraska (NE) 99,050 1,826,341 76,824 23.773 0.054 
Nevada(NV) 122,744 2,700,551 109,781 24.599 0.045 
New Hampshire (NH) 64,098 1,316,470 8,953 147.048 0.049 
New Jersey (NJ) 497,571 8,791,894 7,354 1,195.490 0.057 
New Mexico (NM) 89,543 2,059,179 121,298 16.976 0.043 
New York (NY) 1,231,936 19,378,102 47,126 411.194 0.064 
North Carolina (NC) 428,731 9,535,483 48,618 196.131 0.045 
North Dakota (ND) 42,123 672,591 69,001 9.748 0.063 
Ohio(OH) 521,870 11,536,504 40,861 282.337 0.045 
Oklahoma (OK) 165,278 3,751,351 68,595 54.688 0.044 
Oregon (OR) 200,267 3,831,074 95,988 39.912 0.052 
Pennsylvania (PA) 607,403 12,702,379 44,743 283.898 0.048 
Rhode island (RI) 49,931 1,052,567 1,034 1,018.144 0.047 
South Carolina (SC) 171,153 4,625,364 30,061 153.867 0.037 
South Dakota (SD) 42,453 814,180 75,811 10.740 0.052 
Tennessee (TN) 264,958 6,346,105 41,235 153.901 0.042 
Texas (TX) 1,351,048 25,145,561 261,232 96.258 0.054 
Utah(UT) 125,497 2,763,885 82,170 33.636 0.045 
Vermont (VT) 27,565 625,741 9,217 67.892 0.044 
Virginia (VA) 431,961 8,001,024 39,490 202.608 0.054 
Washington (WA) 372,287 6,724,540 66,456 101.189 0.055 
West Virginia (WV) 70,891 1,852,994 24,038 77.085 0.D38 
Wisconsin (WI) 263,635 5,686,986 54,158 105.008 0.046 
Wyoming (WY) 41,578 563,626 97,093 5.805 0.074 
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Table 3.8: Equity coefficients of the 50 U. S. states based on 5 features: GDP, 
population, land area, population density and per-capita GDP. 

State by GDP by population by land area by population density by per-capita GDP 
Alabama (AL) 0.0119 0.0155 0.0143 0.0097 0.0155 
Alaska (AK) 0.0039 0.0023 0.1616 0.0001 0.0339 
Arizona (AZ) 0.0167 0.0207 0.0322 0.0058 0.0162 
Arkansas (AR) 0.0071 0.0095 0.0147 0.0057 0.0152 
California (CA) 0.1328 0.1209 0.0441 0.0245 0.0221 
Colorado (CO) 0.0174 0.0163 0.0293 0.0050 0.0215 
Connecticut (CT) 0.0152 0.0116 0.0014 0.0757 0.0264 
Delaware (DE) 0.0039 0.0029 0.0006 0.0473 0.0270 
Florida (FL) 0.0481 0.0610 0.0152 0.0360 0.0159 
Georgia (GA) 0.0274 0.0314 0.0163 0.0173 0.0176 
Hawaii(HI) 0.0046 0.0044 0.0018 0.0217 0.0208 
Idaho (ID) 0.0037 0.0051 0.0234 0.0019 0.0148 
Illinois (IL) 0.0444 0.0416 0.0157 0.0237 0.0215 
Indiana (IN) 0.0191 0.0210 0.0101 0.0186 0.0183 
Iowa (IA) 0.0098 0.0099 0.0158 0.0056 0.0199 
Kansas (KS) 0.0090 0.0093 0.0231 0.0036 0.0196 
Kentucky (KY) 0.0113 0.0141 0.0112 0.0113 0.0161 
Louisiana (LA) 0.0155 0.0147 0.0122 0.0108 0.0212 
Maine (ME) 0.0034 0.0043 0.0087 0.0044 0.0157 
Maryland (MD) 0.0212 0.0187 0.0027 0.0610 0.0228 
Massachusetts (MA) 0.0270 0.0212 0.0022 0.0861 0.0257 
Michigan (MI) 0.0262 0.0321 0.0160 0.0179 0.0165 
Minnesota (MN) 0.0186 0.0172 0.0225 0.0068 0.0218 
Mississippi (MS) 0.0063 0.0096 0.0133 0.0065 0.0133 
Missouri (MO) 0.0168 0.0194 0.0195 0.0089 0.0174 
Montana (MT) 0.0027 0.0032 0.0412 0.0007 0.0168 
Nebraska (NE) 0.0065 0.0059 0.0218 0.0024 0.0220 
Nevada(NV) 0.0080 0.0088 0.0311 0.0025 0.0185 
New Hampshire (NH) 0.0042 0.0043 0.0025 0.0151 0.0198 
New Jersey (NJ) 0.0325 0.0285 0.0021 0.1226 0.0230 
New Mexico (NM) 0.0059 0.0067 0.0343 0.0017 0.0177 
New York (NY) 0.0805 0.0629 0.0133 0.0422 0.0258 
North Carolina (NC) 0.0280 0.0309 0.0138 0.0201 0.0183 
North Dakota (ND) 0.0028 0.0022 0.0195 0.0010 0.0254 
Ohio(OH) 0.0341 0.0374 0.0116 0.0290 0.0184 
Oklahoma (OK) 0.0108 0.0122 0.0194 0.0056 0.0179 
Oregon (OR) 0.0131 0.0124 0.0272 0.0041 0.0212 
Pennsylvania (PA) 0.0397 0.0412 0.0127 0.0291 0.0194 
Rhode island (RI) 0.0033 0.0034 0.0003 0.1044 0.0193 
South Carolina (SC) 0.0112 0.0150 0.0085 0.0158 0.0150 
South Dakota (SD) 0.0028 0.0026 0.0215 0.0011 0.0212 
Tennessee (TN) 0.0173 0.0206 0.0117 0.0158 0.0170 
Texas (TX) 0.0883 0.0816 0.0740 0.0099 0.0218 
Utah(UT) 0.0082 0.0090 0.0233 0.0035 0.0184 
Vermont (VT) 0.0018 0.0020 0.0026 0.0070 0.0179 
Virginia (VA) 0.0282 0.0260 0.0112 0.0208 0.0219 
Washington (WA) 0.0243 0.0218 0.0188 0.0104 0.0225 
West Virginia (WV) 0.0046 0.0060 0.0068 0.0079 0.0155 
Wisconsin (WI) 0.0172 0.0185 0.0153 0.0108 0.0188 
Wyoming (WY) 0.0027 0.0018 0.0275 0.0006 0.0300 
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Table 3.9: Results from sensitivity analysis showing: (i) R2 values of correla-
tion between the AFG and RA model; and (ii) top three U.S. states that have 
overinvestment and underinvestment in AFG with respect to RA, in terms of 
percentage difference. For U.S. state i, % diffi = lOO*(AFGi-RAi)/ RAi. At equity 
level O and 0.1, there are only two U.S. states that are underinvested. 

Overinvestmen t Underinvestmen t 
Equ ity level R2 

Rank 1 2 3 Rank 1 2 3 
0.0 0.061 State PA AL OH Sta te CA TX 

% ditt 27822931.38 26467724.19 23427013.90 % ditt -93.53 -88.94 
0.1 0.067 State RI WV AL Sta te CA TX 

% cliff 4003.19 3709.61 3009.40 % cliff -93.19 -86.14 
0.2 0.073 State RI WV AL State CA TX NM 

%ditt 1952.36 1805.26 1454.85 % ditt -92.82 -81.45 -9.47 
0.3 0.080 State RI WV AL State CA TX NM 

% cliff 1268.28 1170.18 936.58 %cliff -92.40 -71.96 -39.65 
0.4 0.088 State RI WV AL State CA NM TX 

%ditt 926.18 852.59 677.42 % dill -91.93 -54.74 -42.67 
0.5 0.100 State RI WV AL State CA NM TX 

% cliff 720.91 662.05 521.94 % cliff -90.73 -63.79 -48.64 
0.6 0.118 Sta te RI WV AL Sta te CA NM TX 

% cliff 584.10 535.07 418.29 % cliff -89.01 -69.82 -57.20 
0.7 0.145 Sta te RI WV AL Sta te CA NM TX 

% cliff 486.38 444.34 344.25 % cliff -86.50 -74.13 -63.31 
0.8 0.191 Sta te RI WV AL Sta te CA NM TX 

% cliff 413.09 376.31 288.73 % cliff -82.52 -77.37 -67.90 
0.9 0.273 State RI WV AL State NM CA TX 

% cliff 356.08 323.38 245.53 % cliff -79.88 -75.20 -71.47 
1.0 0.405 State RI WV AL State NM TX WY 

% cliff 310.49 281.05 210.98 %cliff -81.89 -74.32 -59.05 

https://23427013.90
https://26467724.19
https://27822931.38
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Table 3.10: Results from sensitivity analysis showing: (i) R2 values of correlation 
between the AFG and RA as well as (ii) top three U. S. states that have verin-
vestment and underinvestment in AFG with respect to RA, in terms of actual 
difference. For a state i, diffi = AFGi-RAi in million U. S. $. At equity level O and 
0.1, there are only two U.S. states that are underinvested. 

Overin ves trnent Underinvestment
Equity level R2 

Rank 1 2 3 Rank 1 2 3 
0.0 0.061 Sta te PA OH NY State CA TX 

ditt 26.73 20.35 17.72 dill -225.37 -52.45 
0.1 0.067 Sta te PA OH NY State CA TX 

diff 25.52 19.25 15.85 diff -213.48 -40.54 
0.2 0.073 Sta te PA OH NY State CA TX NM 

ditt 24.32 18.16 13.99 dill -201.58 -28.65 -0.04 
0.3 0.080 Sta te PA OH AL State CA TX NM 

diff 23.11 17.07 12.84 diff -189.68 -16.75 -0.23 
0.4 0.088 Sta te PA OH AL State CA TX NM 

ditt 21.91 15.97 12.39 dill -177.78 -4.86 -0.43 
0.5 0.100 Sta te PA OH AL State CA TX NM 

diff 20.70 14.88 11.93 diff -152.66 -6.18 -0.63 
0.6 0.118 Sta te PA OH AL State CA TX NM 

diff 19.49 13.79 11.47 diff -126.32 -8.72 -0.82 
0.7 0.145 Sta te PA OH AL State CA TX FL 

diff 18.29 12.70 11.02 diff -99.99 -11.26 -1.60 
0.8 0.191 Sta te PA OH AL State CA TX FL 

diff 17.08 11.60 10.56 diff -73.65 -13.80 -3.47 
0.9 0.273 Sta te PA OH AL State CA TX FL 

diff 15.88 10.51 10.10 diff -47.31 -16.34 -5.35 
1.0 0.405 Sta te PA AL OH State CA TX FL 

diff 14.67 9.64 9.42 diff -20.98 -18.89 -7.22 



Spatio-Temporal Prediction Model 

Although structure fires and wildfires are both hazardous to human life and 

property, the former affect human built environments more. A single struc

tural fire may not be as disastrous as a wildfire, however, the total cost of all 

structural fires is several times that of a wildfire. It is important for policy

makers and fire managers to be able to accurately predict and assess structure 

fire risk at spatial and temporal levels, for mitigating risk and for protecting 

human lives and property. In this context, this chapter develops machine learn

ing models that predict the spatio-temporal occurrence of structural fires. In 

addition, this chapter also introduces the fire risk function, to formally define 

the concept of spatio-temporal fire risk. Historical data on fire incidents, socio

economic/demographic factors, fire department profiles, and weather, are used 

to develop, train, and test various state-of-the-art machine learning models. 

The results from these models are compared, and a comprehensive discussion 

is provided. The results from this chapter will be of use to policymakers and 

fire managers for drafting risk-informed budgeting, funds allocation, and pre-
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positioning of firefighting resources to effectively and efficiently mitigate fire 

risk. 

4.1 Introduction 

In the past decade, predictive analytics and machine learning (ML) have gath

ered tremendous attention and have found applications in almost all walks of 

human life including medicine, engineering, social sciences, disaster manage

ment, and several others. Prediction and ML models help the management 

to make intelligent decisions that are beyond the scope of human intelligence. 

Forecasting is another class of techniques related to predictive modeling is fore

casting. although there are minor differences. The main difference is that the 

former deals with inferring about future "trends" of a "variable" based on time

series effects, while the latter "predicts" the value (numeric value in case of a 

regression model or categorical label in case of a classification model) of a "tar

get" variable. 

The U.S. Gross Domestic Product (GDP) has increased exponentially in the 

21st century, hand-in-hand with the explosion of population and infrastructure 

that have become more urban-centric. The increasing density of infrastructure 

and population, especially in large cities, increases the potential losses that are 

susceptible to a single incidence of fire, which exacerbates the fire protection 

problem. In addition, many fire departments in the U.S. face problems such 

as increasing operational costs, cost cutting from federal and local government 

sources, and the inability to attract sufficient number of firefighters ( especially 

in volunteer fire departments) . It is important to systematically predict and 
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analyze the risks of fire, considering the benefits and costs to all stakeholders, 

so that the fire protection problem can be solved efficiently and effectively. 

This chapter aims to improve the approach to fire risk assessment by us

ing data analytics and prediction modeling, by creating the data and modeling 

framework for generating a data-driven fire risk function and prediction model. 

This is achieved by using a large volume of integrated real data on weather, cen

sus, fire resources, and fire incidents. 

The results and insights from this chapter can be utilized for developing an 

integrated approach for fire risk management, in particular, optimal resource al

location modeling for fire prevention and suppression. At a strategic level, the 

resource allocation would correspond to federal or other governmental funds al

location, whereas at an operational level, it would correspond to location/relocation 

of fire departments, and pre-positioning of firefighting and emergency manage

ment services (EMS) resources. Policymakers and fire managers could integrate 

these models into strategic and operational decision making in fire risk mitiga

tion by creating a decision support system. 

This chapter proposes a novel spatio-temporal fire risk function considering 

potential losses, vulnerability, and mitigation efforts, and a machine-leaming

based fire risk prediction model. Despite significant advances in data analytics 

coupled with the availability of large volumes of fire-related data, the litera

ture documents few fire risk functions and prediction models for representing 

structure fire risk in spatial and temporal levels. 



100 

4.2 Machine Learning and Forecasting 

Machine learning (ML) models can be divided into two types, based on the 

availability of "target labels" in the data. These are: supervised learning mod

els (when there are known values of the target variable that can be used to test 

the model) and unsupervised learning models (when there are no known target 

values). Every ML model makes use of a "learning model" that "learns" how 

the "target" features are related to the "predictor" features. Most ML models do 

not explicitly consider time-series effects such as seasonality and stationarity, 

and hence, simple linear models such as linear regression are not expected to 

perform well for time series forecasting. However, more complex and power

ful models such as neural networks and bagging/boosting models are expected 

to perform better due to their ability to learn non-linear relationships between 

"predictors" and "targets." More recently, Long Short Term Memory (LSTM) 

network models, a subset of Recurrent Neural Network models, have been de

veloped, and these are known to have the ability to incorporate time series ef

fects. 

As the prediction models are built using historical data, these models are 

trained and tested using standard techniques. Cross-validation techniques are 

used from supervised machine learning (e.g., k-fold cross validation [212]) in 

testing the performance of these models. 

4.2.1 Fire risk 

The spatio-temporal fire risk function is based on socio-economic variables and 

resource allocation on spatial and temporal scales will be defined. Previous 

works [67, 69, 70] have studied the effect of a limited set of socio-economic vari-
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ables, but have not considered that on a spatial and temporal scale, and have 

not yet explored yet considered the likelihood and intensity of fires (validate). 

In a related work, [1] model fire loss function and fire risk scores, making use of 

assets and vulnerability data in fire protection. However, they do not consider 

temporal aspects, and do not generalize/extend their concept to the notion of 

fire risk functions that are define in this chapter. 

4.3 Fire Risk Functions 

As described in the previous sections, ML models are a general class of models, 

and those are used in this chapter predict spatio-temporal fire risk. While multi

ple models have been used to achieve this (see Section 4.5.1.1), the core idea is to 

predict (i) the likelihood of fire occurrence, and (ii) the "intensity" or "severity" 

caused conditional upon the occurrence of fire. For this, a two-faced "fire risk 

function," that provides the likelihood and intensity of fire at a given place and 

at a given time, could be defined. The intensity of fire is analogous to Richter 

scale for earthquakes, and this has not been explicitly mentioned in the fire risk 

management literature before, in the form of a risk function. 

When creating the fire risk function, the three components of value assess

ment, vulnerability, and mitigation, are considered, following Federal Emer

gency Management Agency's (FEMA) guidelines [213]. The fire risk function 

is denoted as FRit, where i is the spatial coordinate (e.g., ZIP code, county, or 

state) and t represents the temporal coordinate: 

Ait ½t Rit ), (4.1)..._,_, ..._,_, ..._,_, 
Asset value Vulnerability Mitigation 
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where Ait is a set of all asset values in a given location i at time t such as build

ings, infrastructure and human value, ½t is a set of all indicators of fire risk 

in region i at time t, including demography/census (e.g., income, education), 

weather (e.g., temperature, precipitation), and building (e.g., age of building, 

sprinkler system, material) variables. Vulnerability is considered as a combi

nation of the likelihood of a fire event (the ignition of a fire) and the possible 

intensity of an event. Rit is the set of all types of resources present in region 

i at time t, such as engines, ladder trucks, and firefighters, which are decision 

variables of the federal, state and local governments, and fire departments. It 

is expected that FRit increases in Ait and ½t, and decreases in Rit with dimin

ishing marginal returns. Due to the spatio-temporal nature of this function, it is 

possible to study how varying location and times of the day, days of the month, 

and months of the year can affect fire risk, and this is valuable particularly for 

risk-informed resource-allocation. 

4.4 Data Collection & Processing 

Data inputs include historical fire data, fire department profiles, weather, de

mographic and socio-economic data, and building safety data. All the data to 

be collected are processed so that the data can be compiled to any desired level 

of resolution on both spatial (e.g., state, county, ZIP code) and temporal (e.g., 

years, months, weeks, days) scales. In this paper, the time period during 2012 

to 2016 is considered. 
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4.4.1 Data Sources: 

Historical fire data: Historical fire incident data from the National Fire Incident 

Response System (NFIRS) [209, 214] was collected, which covers more than 1 

million fire-related incidents every year in the U.S. from 1980 to 2014. NFIRS 

is maintained by the U.S. Fire Administration. For every fire incident in this 

dataset, information such as property and human losses (firefighter and civilian 

deaths and injuries) is provided. Files include basic information, time, location, 

and fire department information. Every file has more than 1 million rows, each 

row corresponding to one incident (assigned with a unique ID), and about 20-

40 columns. In addition, statistical reports on the costs and losses of fire in the 

U.S. from the NFPA [215]. Specifically, the NFPA reports provide estimates of 

property losses, civilian and firefighter fatalities and injuries, types of fire, fire 

causes, needs assessment of fire service, and fire department call volume. 

Fire Department Profile Data: Data was collected for about 27,000 registered 

fire departments in the U.S., from the national fire department registry. This 

data set provides, most importantly, the address and the number of firefighters 

(career, volunteer, paid-per-call, and retired). 

U.S. Census Data: Large amounts of socio-economic data was collected from 

the U.S. Census Bureau [216]. These data are on demography (including popu

lation counts, education and employment levels, and income), housing (count 

and age of buildings, occupancy, mortgages characteristics) and North Amer

ican Industry Classification System codes, at various geographical resolutions 

(state, county, county subdivision, census tract, block, ZIP code, metropolitan 

areas). The data prior to 2000 will be collected from [217]. All these data can be 

used as variables/features in the fire risk prediction model. The national/state/county-
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level economic performance indicators such as the GDP are also available from 

the U.S. Census Bureau from 1961 [218]. This, along with the population data, 

will be used for calculating potential loss and vulnerability in the resource allo

cation models. 

Business Patterns Data: The county-level information of business patterns, for 

the years 1998 to 2014 is available from the U.S. Census Bureau [219, 220]. The 

Census Bureau's Value of Construction Put in Place Survey data [221] has been 

collected for calculating the building construction costs for protection, for 1993-

2016 [222]. 

Weather Data: We used the weather history Application Programming Inter

face (API) provided by Weather Source's developer portal [223] to collect all 

weather-related data for the period 2012-2016, for each ZIP code in the U. S., 

for each day fifty five variables that consist of several variants of temperature, 

pressure, wind speed, humidity, and precipitation metrics. 

Other Data: Additional data collected include: ( a) Inflation rates calculated based 

on consumer price index [224], which will be useful for analyzing the temporal 

aspects of resource allocation and the associated losses. (b) The local govem

ment's expenditure data for the years 1992-2014 on fire departments from the 

U.S. Census Bureau [225]. The loss data from the NFPA [12] for the years 1980-

2015 is also collected. 

4.4.2 Data Processing 

The U.S. Census Bureau's asset tabulation area relationship files [226] as well as 

the Federal Information Processing Standard (PIPS) codes [227] were used for 

merging datasets that were at various geographical resolutions (ZIP code and 
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county). Data from the State of New York (NY), for the time period 2012-2016 

have been used at present. 

Four important groups of data sets have been merged to train and test the 

ML models in the next sections: (i) NFDR data that provide the location of and 

firefighter types and counts in individual fire departments; (ii) NFIRS data that 

give the location and timestamps of millions of fire incidents; (iii) weather infor

mation from WeatherSource; and (iv) U.S. Census data that give demographic 

and socio-economic data. All data sets are merged by unique ZIP code and 

timestamp keys. For the analysis in this chapter, the spatial and temporal time 

units chosen are "county" and "week" respectively. That is, each record in the 

processed data set used for training and testing corresponds to a unique county

week combination. In other words, as NY has 63 counties and there are about 

52 x 5 = 260 weeks during 2012-2016 period, there are about 63 x 260 = 16,380 

unique data records expected in the processed data set. 

Feature engineering and feature selection techniques have been deployed, 

for improving the quality of the data used for training. Feature engineering has 

been applied primarily on various features in census data. For example, census 

data does not provide mean or median age of buildings directly. Instead, the 

relevant features that provide estimates of the number of housing units built 

during a particular time period ("Year structure built") are named as: "Built 

2010 or later," "Built 2000 to 2009," "Built 1990 to 1999," "Built 1980 to 1989," 

"Built 1970 to 1979," "Built 1960 to 1969," "Built 1950 to 1959," "Built 1940 to 

1949," and "Built 1939 or earlier." These were approximated as "Built in 2015" 

( 5 years old), "Built in 2005" ( 15 years old), "Built 1995" ( 25 years old), "Built 

in 1985" ( 35 years old), "Built in 1975" ( 45 years old), "Built in 1965" ( 55 years 

old), "Built in 1955" ( 65 years old), "Built in 1945" ( 75 years old), and "Built in 
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1930" ( 90 years old). Then, a weighted average of the number of housing units 

in a county (nf) with the estimated age group of housing units in that county 

(af) has been used to estimate the approximate average age of all housing units 

in that county as: 

(4.2) 

where c represents the county index and i represents the age group index (ai E 

A = {5, 15, 25, 35, 45, 55, 65, 75, 90}, as explained previously). 

Feature selection has been implemented to remove correlated features from 

the data set. There were four versions of the processed data sets, based on which 

data sets were used. Data set 1 (DSl) aggregates NFIRS, Census, weather, and 

NFDR; data set 2 (DS2) aggregates NFIRS, Census, and NFDR; data set 3 (DS3) 

aggregates NFIRS, Census, and weather; and data set 4 (DS4) aggregates NFIRS 

and Census only. All the models used in this chapter are trained and tested for 

each of the four data sets, to check if there are some particular group of features 

that adversely affect results. Feature selection was applied separately for DSl, 

DS2, DS3, and DS4. There are 181 features in DSl, the largest data set of the four 

considered. The different components of this data set are shown in Figure 4.2. 

Along the X-axis and Y-axis in Figure 4.l (a), 181 features are aligned. Lighter 

color shades in the correlation plots represent high positive correlation, and 

darker color shades represent high negative correlation. A pairwise elimina

tion algorithm is used to remove features with correlation values of 2: 0.7 or 

::; -0.7. Several features are removed in this process, from each data set. For 

example, in DSl, only about 40 features are retained after feature selection (or 

elimination). The following section describes the models used and the results. 
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Figure 4.1: Correlation of features for of the four data sets. 

Fire incident data 
(NFIRS- FEMA) 
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(US Census Bureau) 

National Fire 
Department Registry 

(USFA/FEMA) 

Weather 
(Weather Source) 

18 features 81 features 26 features 56 features 
(originally 1000+ features) 

181 features 

Figure 4.2: Components of the data set DSl, with the most number of features 
(181). 

4.5 Fire Occurrence Prediction 

In this section, the models try to predict the occurrence of fire (likelihood of 

fire occurrence). The target values in DSl, DS2, DS3, and DS4 are accordingly 
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converted to binary values, with "1" representing a fire incident occurrence and 

"O" representing no fire incident. 

4.5.1 Models & Results 

4.5.1.1 Models 

There is no clearly defined rule that helps to determine exactly which prediction 

would work best for a given prediction problem. Hence, this chapter uses the 

widely followed practice of using a variety of models that are expected to per

form well, and then discuss the pros and cons of each of these models. As fire 

occurrence prediction as described above is a classification problem, the models 

considered are: logistic regression, xgBoost, and multi-layer perceptron (MLP) 

classifier (neural network model). 

To validate the accuracy of the prediction model, 'k-fold cross-validation' 

[228, 212] method from supervised machine learning is used. In this technique, 

the training data is divided into k mutually exclusive subsets of the same size. 

The model is trained and tested k times. Each time, the model is trained us

ing k - 1 folds and then tested on the fold left out. The accuracy of the model 

is calculated as the ratio of the number of times the classification occurs cor

rectly divided by the number of points in the data set, averaged over k folds. 

This k-fold cross validation is implemented using GridSearchCV [229], a scikit

learn package that performs hyperparameter tuning also. Hyperparameter tun

ing is the process of "tuning" the various user-specified parameters, to achieve 

the most desirable (in terms of scoring metrics of the learning model) value of 

those parameters. GridSearchCV conducts an "exhaustive search over specified 
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parameter values for an estimator" [229]. The hyperparameters and the corre

sponding candidate values/options, for the models used in this chapter are: 

1. Logistic Regression: Regularization/penalty parameter, penalty (11; 12); 

Inverse regularization parameter, C (logspace(0, 4, 10), i.e., ten numbers 

between Oand 4 spaced evenly on a log scale). 

2. xgBoost Classifier: Booster (Gradient boosting tree, gbtree); Learning 

rate, learning_rate (0.001; 0.005; 0.01), max_depth (4; 6; 8), subsample (0.5; 

0.75; 1). 

3. MLP Classifier: solver (sgd; lbfgs; adam), max_iter: (200; 500; 1000; 

5000), alpha (le-09; le-06; le-03; le-01), Hidden layer sizes ((train_shape,2), 

(2 x train_shape,2)) 

There are two approaches used for train (70%) and test (30%) data selection. 

One approach is to split the samples randomly using the train_test_split (.) 

function in scikit-learn library. The other approach is to select the first 70% of 

data points as train data and the remaining as test data. The relevance of the 

"first 70%" is that given the data points are arranged in chronological order, 

the first 70% would give contiguous chronological block of data points corre

sponding to an initial time period, and the remaining 30% would correspond 

to the next contiguous block. This approach sounds more reasonable than the 

random selection approach, as the fire occurrence prediction problem has a time 

series element in it. The results from both these approaches are presented and 

compared in Section 4.5.1.2. 
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4.5.1.2 Results 

For the fire prediction classification problem, the models are trained based on 

the Area Under the Curve (AUC) metric obtained from the Receiver Operating 

Characteristics (ROC) plot. For the random approach, the ROC plots for the 

logistic regression, xgBoost, and MLP classifier are shown in Figures 4.3, 4.4, 

and 4.5. The performance metrics such as Fl-score, precision, and recall, as 

well as the support, are shown in Tables 4.1 through 4.4. For the non-random 

approach, the ROC plots are shown in Figures 4.6, 4.7, and 4.8. Performance 

metrics for these are shown in Tables 4.5 through 4.8. 

From these figures and tables, it is clear that the random train-test approach 

performs much better (various AUC values 2: 0.9) than the non-random ap

proach (no AUC value > 0.70). This could be because the test data set in the 

latter is likely to have many "unseen" data points (i.e., the training set would 

comprise of most data points from the years 2012, 2013, and 2014; and the test 

set would comprise of most data points from the years 2015 and 2016). Among 

all model-data set combinations that used the random approach, the best per

formance is observed for xgBoost on DS2, which got an AUC of 0.94. Logistic 

Regression and MLP Classifier had AUC of 0.62 and 0.7 respectively on DS2. 

The confusion matrices of the three models on DS2, using random and non

random approaches are shown in Figures 4.9 and 4.10. The Type I and Type II 

error values indicate that xgBoost on DS2, using random approach provides the 

best results compared to other models and approaches. xgBoost on DS2 has low 

type I and type II error rates of 17% and 13% respectively. MLP Classifier per

forms well too, with type I and type II error rates of 19% and 13% respectively. 
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Figure 4.3: Logistic regression results - u sing random approach for train and 
test data selection. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl -score 0.65 0.78 0.65 0.78 0.77 0.85 
precision 0.68 0.76 0.68 0.76 0.79 0.83 

recall 0.62 0.80 0.62 0.80 0.74 0.87 
support 1,573 2,307 1,573 2,307 1,573 2,307 

Table 4.1: Results for DSl - using random selection approach for train and test 
data. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl-score 0.62 0.76 0.82 0.88 0.81 0.87 
precision 0.65 0.74 0.81 0.88 0.81 0.87 

recall 0.59 0.79 0.83 0.87 0.81 0.87 
support 1,573 2,307 1,573 2,307 1,573 2,307 

Table 4.2: Results for DS2 - using random selection approach for train and test 
data. 
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Figure 4.4: xgBoost regression results - using random approach for train and 
test data selection. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl -score 0.62 0.78 0.62 0.78 0.74 0.85 
precision 0.68 0.74 0.68 0.74 0.82 0.81 

recall 0.58 0.81 0.58 0.81 0.68 0.90 
support 1,584 2,360 1,584 2,360 1,584 2,360 

Table 4.3: Results for DS3 - using random selection approach for train and test 
data. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl-score 0.59 0.75 0.59 0.75 0.78 0.82 
precision 0.64 0.72 0.64 0.72 0.71 0.89 

recall 0.55 0.79 0.55 0.79 0.85 0.77 
support 1,584 2,360 1,584 2,360 1,584 2,360 

Table 4.4: Results for DS4 - using random selection approach for train and test 
data. 
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Figure 4.5: MLP Classifier results - using random approach for train and test 
data selection. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl-score 0.47 0.72 0.47 0.72 0.00 0.73 
precision 0.60 0.65 0.60 0.65 0.00 0.58 

recall 0.38 0.82 0.38 0.82 0.00 1.00 
support 1,629 2,251 1,629 2,251 1,629 2,251 

Table 4.5: Results for DSl - using non-random selection approach for train and 
test data. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl-score 0.44 0.73 0.57 0.69 0.49 0.72 
precision 0.63 0.64 0.57 0.69 0.61 0.65 

recall 0.34 0.86 0.56 0.69 0.41 0.81 
support 1,629 2,251 1,629 2,251 1,629 2,251 

Table 4.6: Results for DS2 - using non-random selection approach for train and 
test data. 

https://AUC=0.86
https://AUC=0.88
https://AUC=0.92
https://AUC=0.90


114 

Receiver Operating Characte ristic Rece iver Operating Characteristic 
1.0 -,-----------------------::;.a--,,, 1.0 ,-----------==::=::~ '7 

0.8 0.8 

0.6 0.6 

0.4 0.4 

0.2 0.2 

- AUC = 0.62 - AUC = 0.62 
o.o +-"'=----~--~--~----,--------j o.o -1'==----~--~--~----,--------j 

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1. 0 
False Positive Rate False Positive Rate 

(a) DSl (b) D52 

- AUC = 0.62 
0.0 ¥====--~--~--~----,-------.j 

0.0 0.2 0.4 0.6 0.8 1.0 
False Positive Rate False Positive Rate 

(c) D53 (d) D54 

Figure 4.6: Logistic regression results - u sing non-random approach for train 
and test data selection. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl -score 0.46 0.73 0.46 0.73 0.46 0.75 
precision 0.61 0.65 0.61 0.65 0.67 0.66 

recall 0.37 0.83 0.37 0.83 0.35 0.88 
support 1,629 2,315 1,629 2,315 1,629 2,315 

Table 4.7: Results for DS3 - u sing non-random selection approach for train and 
test data. 

Logistic regression xgBoost MLP Classifier 
class 1: fire class 0: no fire class 1: fire class 0: no fire class 1: fire class 0: no fire 

fl-score 0.43 0.74 0.43 0.74 0.45 0.72 
precision 0.64 0.65 0.64 0.65 0.58 0.64 

recall 0.32 0.87 0.32 0.87 0.36 0.81 
support 1,629 2,315 1,629 2,315 1,629 2,315 

Table 4.8: Results for DS4 - using non-random selection approach for train and 
test data. 
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Figure 4.7: xgBoost regression results - using non-random approach for train 
and test data selection. 

4.6 Discussion 

This chapter provides models to predict the occurrence of fire at a county-level, 

for New York state. The intensity/fire loss prediction is left for future work for 

now. The results can be extended to other states, by incorporating additional 

data. The resolution of the results can be improved by performing similar anal

ysis at ZIP code level. 

While the prediction results are promising for xgBoost and MLP Classifier 

models (AUC > 0.90; Fl-score, precision, and recall> 0.75; Type I and Type II 

error rates< 20%), further improvement appears to be possible. One potential 

idea to achieve improvement is the use of up-sampling and/or down-sampling 

https://AUC=0.62
https://AUC=0.72
https://AUC=0.62
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Figure 4.8: MLP Classifier results - using non-random approach for train and 
test data selection. 

Predicted 
Logistic regression xgBoost MLP Classifier 

class 1: class 0: class 1: class 0: class 1: class 0: 
fire no fire fire no fire fire no fire 

class 1: fire 924 649 1,307 266 1,272 301
Actual 

class 0: no fire 494 1,813 300 2,007 295 2,012 

Predicted 
Logistic regression xgBoost MLP Classifier 

class 1: class 0: class 1: class 0: class 1: class 0: 
fire no fire fire no fire fire no fire 

class 1: fire 59% 41% 83% 17% 81% 19%
Actual 

class 0: no fire 21% 79% 13% 87% 13% 87% 

Figure 4.9: Confusion matrix of all models on data set DS2, using random train
test selection. 
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Predicted 
Logistic regression xgBoost MLP Classifier 

class 1: class 0: class 1: class 0: class 1: class 0: 
fire no fire fire no fire fire no fire 

class 1: fire 551 1,078 920 709 663 966
Actual 

class 0: no fire 321 1,930 696 1,555 431 1,820 

Predicted 
Logistic regression xgBoost MLP Classifier 

class 1: class 0: class 1: class 0: class 1: class 0: 
fire no fire fire no fire fire no fire 

class 1: fire 34% 66% 56% 44% 41% 59% 
Actual 

class 0: no fire 14% 86% 31% 69% 19% 81% 

Figure 4.10: Confusion matrix of all models on data set DS2, using non-random 
train-test selection. 

techniques to achieve a balance between the number of data points in "class 

1: fire" and "class 0: no fire ." In the data sets used, there are 1,573 data points 

that are labeled "class 1: fire" and 2,307 data points labeled "class 0: no fire ." 

Possibly due to a larger representation, "class 0: no fire" sees higher accuracy 

(87% each for xgBoost and MLP Classifier) and lower type II error rate (13% 

each for xgBoost and MLP Classifier). These results could be improved by up

sampling of "class 1: fire" or down-sampling of "class 0: no fire" or both. 

The primary objective of the prediction exercises undertaken in this chapter 

is the prediction performance. A secondary objective could be to understand 

the relative importance of the features used for prediction. This may be possible 

only in logistic regression and xgBoost, and not in MLP Classifier. The impor

tance of features would be helpful in resource allocation or other prescriptive 

models. This would also improve the interpretability of the results. 

Some additional data sets that would have enriched the models used in 

this chapter are: (i) building safety data (e.g., type construction material; and 
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availability of smoke detectors, fire alarms, and fire sprinklers); (ii) fire depart

ment resources data (e.g., availability of fire engines, pumper trucks, and ladder 

trucks, and other fire and emergency service vehicles), and (iii) insurance data 

(e.g., fire insurance premiums). 



Additional Topics: Wildfire Risk 

Management and Fire Protection 

Reliability 

This chapter acts as an epilogue to the ideas presented in the previous chapters, 

and introduces a few selected topics for future research. Each one of the previ

ous chapters other than the one of literature review, described immediate next 

steps to extend the models and results provided in the respective chapter. In 

contrast, this chapter provides ideas that are not directly related to those in the 

previous chapters, yet are related to the core research theme (resource allocation 

and prediction modeling for fire risk management) of this dissertation. 
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5.1 Wildfire Risk Management 

5.1.1 Introduction 

Wildfires have become a common phenomenon that cause deaths and injuries, 

damage to property, and inconvenience and associated indirect losses to indi

viduals and organizations. The total costs of a single wildfire could be more 

$2 billion, and there magnitude of indirect costs that are difficult to calculate, 

could be even more. The presence of various stakeholders with similar or con

flicting objectives in the wildfire risk management scenario makes it interest

ing and challenging decision-making problem to model and to solve. A work

force of more than 1.1 million firefighters lead the fire protection efforts across 

the U. S., along with public and private organizations that provide administra

tive support and infrastructure/equipment. Wildfire risk management involves 

various interdependent decision makers including federal/ state/local govern

ments, governmental organizations, fire departments, environmental agencies, 

insurance companies, and private land/property owners. This section proposes 

research questions on models and techniques that will be of use to wildfire man

agers in drafting strategic and operational efforts for human interventions in 

pre- or post-wildfire situations. 

Analytical models are required (i) to explore incentives to public-private 

partnership formation in the context of wildfires, and (ii) to balance pre-fire 

and post-fire mitigation efforts. These models need to be build on operations 

research models used for optimal resource allocation problems, to extend those 

models to the understudied fire protection context. Centralized and decentral

ized models could be created to solve budget allocation as well as fire depart-
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ment location and resource deployment decisions. These models would use a 

large volume of integrated real data on weather, census, fire resources, and fire 

incidents. 

5.1.2 Research Motivation: Literature Review 

5.1.2.1 The Wildland Urban Interface (WUI) 

[230] states that wildfire managers prioritize protecting residential structures at 

the expense of larger and more costly fires, and that continued encroachment 

of wildlands for housing development could lead to larger and more expensive 

fires. [231] reports that "the WUI in the United States grew rapidly from 1990 

to 2010 in terms of both number of new houses (from 30.8 to 43.4 million; 41% 

growth) and land area (from 581,000 to 770,000 km2; 33% growth)." 97% of new 

WUI areas were the result of new housing. Also the number of houses within 

the wildfire perimeter has increased significantly (286,000 houses in 2010, com

pared with 177,000 in 1990). [231] states that the current growth rate of WUI 

results in more wildfire ignitions, putting more lives and houses at risk. 

5.1.2.2 Wildfire Mitigation Strategies 

Mitigation comprises of both pre-fire and post-fire actions taken to reduce po

tential losses due to wildfires. The term post-fire could also refer to "during 

fire" efforts such as suppression. In other words, the term "post-fire" used in 

this study refers to any event/activity that happens after the precise point of 

time when the wildfire started. Broadly, in terms of the timing of the efforts rel

ative to the wildfire, mitigation activities could be categorized into two groups: 

fuels management (pre-fire) and suppression (post-fire). There seems to be no 
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past work that compares the effectiveness of various mitigation strategies, al

though there exist some works that document the benefits of individual strate

gies, primarily prescribed fires [232, 233, 234, 235, 236, 230, 237, 238, 239, 240, 

241, 242, 243, 244, 245]. There is a need to bridge the gap between quantita

tive techniques used for measuring the effectiveness of disaster mitigation and 

wildfire risk management, from a multi-stakeholder perspective. 

Prescribed fires: Prescribed fires or prescribed burning are becoming an increas

ingly popular technique for wildfire prevention. The effectiveness of prescribed 

fires in mitigating wildfires have been under investigation using various tech

niques (e.g., [232] use propensity scores). [246] present a detailed qualitative 

review of the barriers and opportunities ahead of prescribed fires, based on in

terviews with stakeholders (individuals and organizations) from 11 wildfire

affected states. The authors present the following as some hurdles faced by pre

scribed burning: inadequate funding and capacity, risk aversion, local smoke 

management programs due to concerns of air quality and/or visibility. In ad

dition, the authors provide the example of Fire MOU Partnership [247], a volun

tary group that involves air quality regulators, California Department of Forestry 

and Fire Protection (CALFIRE), land managers, and non-governmental organi

zations, to highlight the importance of coordination between stakeholders in

volved in prescribed burning. 

Various models have been used for prescribed burning. [248] use a network

based model to identify locations to conduct prescribed fire in. [249] present 

various other models related to operations research. 
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5.1.2.3 Public-Private Partnerships (PPPs) 

Game theory is the most popular technique used to quantitatively model the 

objectives, alternatives, and payoffs of multiple stakeholders. Game theory pro

vides mathematical techniques for analyzing situations in which two or more 

intelligent rational agents make decisions that will influence one another's wel

fare, in a cooperative or non-cooperative setting [250]. In the wildfire risk man

agement context, both cooperative as well as non-cooperative game theory can 

be used to model the decision making of multiple stakeholders with cooperat

ing as well as conflicting objectives. Cooperative game theory (CGT) is used 

when the players have partially conflicting and partially cooperative objectives 

[251]. CGT helps (i) explore the possibility of various combinations of coalitions 

among stakeholder, to quantify the distribution of payoffs to stakeholders in 

each coalition, and (iii) to then determine which of these coalitions will form 

and calculate the stability of these coalitions. 

5.1.2.4 Balancing Prevention and Suppression 

Balancing funds allocation between prevention efforts and suppression efforts 

become challenging, particularly when the funds are limited, as in reality. There 

have been recent media reports about legislators going against shifting fund

ing from fire prevention and forest restoration efforts to fire suppression [252]. 

Quantitative and qualitative analysis of the trade-offs between historical expen

ditures on prevention and suppression, and the associated costs and benefits, 

can help expose the pros and cons of such arguments. The trade-offs also relate 

distantly to the "optimal wildfire size" concept, defined initially as that which 
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minimizes the cost plus loss [36]. This definition has been extended multiple 

times, for e.g., one which also maximizes the cost of wildfire avoidance [244]. 

5.1.2.5 Wildfire and Policy 

From the perspective of policy making, there are various similarities and differ

ences between structure fires (fires in built environments) and wildfires. Over 

the past few centuries, fires that have plagued cities have decreased tremen

dously, due to various factors that include use better building materials, reduc

tion in open fire usage, incentives for better fire-prevention practices created by 

insurance companies, improved technology and training for personnel, and fire 

code enforcement and adoption [253]. This is a great example of property own

ers, governments, and other organizations working together to solve the prob

lem successfully. [254] A similar phenomenon need to happen in the wildfire 

context. Suppression efforts are mostly successful, but prevention of spreading 

has to be more effective, through PPPs. However, the same rules of structure 

fires in urban areas may not apply to the case of wildfires, as the latter could 

be, in many cases, naturally caused. [254] discusses three exceptions that are 

enforced to ordinary property rights, in the face of a fire that threatens prop

erty. These are: (i) overruling necessity (privilege of entry to property for fire 

suppression); (ii) greater police power to interfere with public rights; and (iii) 

conflagration rule (that "individuals are not entitled to just compensation when 

their property is destroyed at the direction of public officials in fighting a fire ." 

[254] An interesting question is whether these rules, especially the conflagra

tion rule would apply to wildfires, which are disasters, and typically the pub

lic land owner disaster relief and compensation from governments. [254] also 

documents three case studies in which courts refused to give compensation to 
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private parties who sought compensation from governments' wildfire suppres

sion activities (e.g., prescribed burns, timer logging for fire breaks). [254] states 

that the court would rule in favor of the private land owner if the government 

initiated a prescribed burn in the former's land, even if that was for prevent

ing spread of a wildfire. This is interesting, as this situation is analogous to the 

conflagration rule. 

5.1.3 Wildfire Data Sources and Analysis 

Similar to the case of structure fires, there are various data sets related to wild

fires, that could be used to develop a model to predict wildfire-related factors. 

Such a model would be used as an input to the risk mitigation models such as: 

(i) prescribe the type and quantity of resources to allocate to mitigate wildfire 

risk, and (ii) prescribe the location and time to implement prescribed fires. 

5.1.3.1 Data Collection & Processing 

Data inputs include historical fire data, fire department profiles, weather, de

mographic and socio-economic data, and building safety data. All the data to 

be collected will be processed so that the data can be compiled to any desired 

level of resolution on both spatial (e.g., state, county, ZIP code, census tract, or 

block) and temporal (e.g., years, months, weeks, days, hours) scales. 

Wildfire occurrence, mitigation efforts, and costs data: 

Wildfire and prescribed fire occurrence (spatial and temporal data): Wildfire oc

currence data are available from various sources. The first one is the Fire Pro

gram Analysis fire-occurrence database (FPA FOD) [255], which records 1.88 

million geo-referenced wildfires (a total of 140 million acres burned) that oc-
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curred in the U.S. from 1992 to 2015. The second one is the Monitoring Trends in 

Burn Severity (MTBS) project [256] database [257] that provides the bum sever

ity and extent of large fires across the continental U. S., Alaska, Hawaii and 

Puerto Rico from 1984 to 2014. This includes all fires 2: 1000 acres in the west

ern U. S. and 2: 500 acres in the eastern U. S. MTBS is a subset of FPA FOD, 

however the former provides shape files (shape of the area burned), while the 

latter only provides point locations. Moreover, MTBS classifies the fires into 

four types: 'wildfires,' 'prescribed fires,' 'wildland fire use,' and 'unknown.' 

Figures 5.1 show that there is a "wildfire season" CTuly to August) that can 

be clearly distinguished from a "prescribed fire season" (January to May). This 

is because there are "burn windows" during which prescribed burning is per

mitted. A subset of this data also shows that the California have not conducted 

any (2: 1000 acres) prescribed fires, despite being affected by highly destructive 

wildfires in the recent two years, and despite prescribed fires being considered 

as a highly useful technique to mitigate the intensity/spread of wildfires. 
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Figure 5.1: Number and acres of wildfires in the US (2015, 2016). 
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In addition, historical fire incident data can be obtained from the National 

Fire Incident Response System (NFIRS) [214 ], which covers more than 1 million 

fire-related (from which we filtered out wildfire-related) incidents every year in 

the U.S. from 1980 to 2014. NFIRS is maintained by the U.S. Fire Administra

tion. For every fire incident in this data set, information such as property and 

human losses (firefighter and civilian deaths and injuries) is provided. Files in

clude basic information, time, location, and fire department information. Every 

file has more than 1 million rows, each row corresponding to one incident (as

signed with a unique ID), and about 20-40 columns. In addition, there are many 

statistical reports from the NFPA [215] on the costs and losses of fire in the U.S. 

Specifically, the NFPA reports provide estimates of property losses, civilian and 

firefighter fatalities and injuries, types of fire, fire causes, needs assessment of 

fire service, and fire department call volume. 

Mitigation efforts and costs: The yearly (2003 to 2017) aggregates of numbers 

and acres of prescribed fires and wildfires, at agency and state levels, were col

lected from [258]. There have been 508k prescribed fires that covered 42 mil

lion acres, and 1 million wildfires that burned 107 million acres during these 15 

years. National-level trends show that there has been an exponential increase in 

the number of prescribed fires from 2014 to 2017 (Figure 5.2a), likely due to the 

increasing awareness on using prescribed fires as an effective tool for mitigating 

future wildfires. The acres of prescribed fire has also been on the rise. The num

ber of wildfires has remained nearly stationary around 75k per year, however, 

the acres of wildfires see high variation across the years. 

Various other aggregated data, including suppression Costs (1985-2017), wild

fires larger than 100,000 acres (1997-2017), human-caused fires and acres (2001-

2017), lightning-caused fires and acres (2001-2017), prescribed fires (1998-2017), 
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wildland fires and acres (1926-2017), and wildland fire use fires (1998-2008) 

[258], are available. Some of these data are illustrated in Figure 5.2(b). Al

though the acres of wildfire has not increased significantly, there seems to be 

a significant increase in the total suppression costs incurred by federal agencies 

(primarily the U. S. Forest Service). The costs are adjusted to inflation using 

consumer price index (CPI) values from [259]. 
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Figure 5.2: (a) Trends of prescribed fire use in the U. S. compared with wildfires 
(n_rx, n_wf, acres_rx, and acres_wf denote the number of prescribed fires, acres 
of prescribed fires, number of wildfires, and acres of wildfires respectively). (b) 
Trends of U. S. federal costs on wildfire suppression, adjusted to inflation (in 
2017 U.S. dollars). 

The raw data of prescribed fire acres have been converted into costs, based 

on the cost estimates (National and Pacific Southwest averages of $101.48 and 

$253.08 respectively in 1994 dollars) given in [260], which are converted to 2017 

dollars based on inflation rates from [259]. Figure 5.3 shows that both federal 

and California State suppression costs have been increasing. While Figure 5.2(a) 

shows that the nationwide number and acres of prescribed fires have increased 

over the years, Figure 5.3 shows that the expenditure on prescribed burning 

has remained about the same. This is interesting, particularly in the context 
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of increasing national/state/local attention to the increased use of prescribed 

burning as a potentially effective tool for mitigating wildfire risks 
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Figure 5.3: Trends of U. S. federal and California State costs on prescribed fires 
and wildfire suppression, adjusted to inflation (in 2017 U. S. dollars) . 

Wildland Urban Interface (WUI) Data: The WUI change (1990-2010) data from 

[261] has recently been analyzed in [231] to show that WUI growth increases 

wildfire ignitions and puts more lives and houses at risk. This data set maps two 

types of WUI: (i) intermix (areas where housing and vegetation intermingle) and 

interface (areas with housing in the vicinity of contiguous wildland vegetation). 

Building Footprint Data: A GeoJSON dataset that contains 125.2 million com

puter generated building footprints in all 50 US states is available from Mi

crosoft's open source repository [262, 263]. 

Fire Department Profile Data: NFPA publishes various fire-related statistics and 

reports based on the annual fire department surveys, which is not available to 

the public. NFPA uses these surveys to develop the Fire Department Profile 

reports, which only provide overall statistics. The raw survey results are ex

pected to contain information about each fire department in the U.S., including 

the number of firefighters and number of fire suppression vehicles (e.g., en

gines, ladder trucks, ambulance services). Such data, if publicly available, will 
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be highly useful for predictive models and resource allocation models. With the 

publicly available information from NFDR, the number of firefighters available 

for 33,092 ZIP codes is plotted in Figure 5.4. Clearly, the per capita firefighter 

density is higher overall in the east than in the west, due to a significant number 

of sparsely inhabited areas in the west. 
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Figure 5.4: Number of firefighters per thousand population, shown for 33,092 
ZIP codes. 

U.S. Census Data: Demographic data from the U.S. Census Bureau [216] is avail

able for the years 2000 and later. This data is on people (including population 

counts, education and employment levels, and income), housing (count and 

age of buildings, occupancy as well as health and safety characteristics) and 

North American Industry Classification System codes, at various geographi

cal resolutions (state, county, county subdivision, census tract, block, ZIP code, 

metropolitan areas). The data prior to year 2000 is also available from [217]. The 

national/state/county-level economic performance indicators such as the GDP 

are also available (for 1960 and later years) from the U.S. Census Bureau [218]. 
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Building Safety & Business Patterns Data: Building safety data (e.g., number 

of sprinklers and fire alarms installed, age, construction material, and occu

pancy level of buildings) are important factors in determining fire risks. Such 

data is currently not available publicly. County-level information of business 

patterns, for the years 1998 to 2014 is available from the U.S. Census Bureau 

[219, 220]. The Census Bureau's Value of Construction Put in Place Survey data 

[221] could be used for calculating the building construction costs for protection, 

for 1993-2016 [222]. 

Weather Data: There would be an important correlation between weather con

ditions ( e.g., temperature, humidity, precipitation) and fire . The National Oceanic 

and Atmospheric Administration's (NOAA) Climate Data Online portal [264] 

gives access to hourly, daily, and monthly summaries of temperature, precipi

tation, evaporation, and soil temperature. The data is available for county and 

ZIP code resolutions. The preliminary result in Figure 5.S(a) shows that the av

erage fire loss per fire incident during Spring (months of April, May, and June) 

is significantly higher than during winter (December, January, and February) 

for most states. 

Other Data: State & local government finances data: Data on state and local 

governments' expenditure on fire protection and other budget line items for the 

years 1992-2014 is available from the U.S. Census Bureau [225]. For years prior 

to 1992, the data is available upon request [210]. 

The U.S. Census Bureau's asset tabulation area relationship files [226] as well 

as the Federal Information Processing Standard (PIPS) codes [227] can be used 

for merging datasets that were at various geographical resolutions (ZIP code, 

county, and state). Figure 5.S(b) shows the correlation between state-wise fire 

department expenditure and population, in 2011. The distribution shows that 



132 

SOM 

CA ■ 

TX ■ 
FL ■ NY ■ 

IL ■ 9!l l PA ■ 

!OM WA ■ ~~ "NJ ■ 
M /ffllhn~: tw-• 

OK ■ 
NV ■AR ■ 19.$11 • IA ■ 

CT ■ 

NM ■ NE\IIV ■ 

2M 
NH MME ■ ID ■ 

■ RI ■ DE ■ 
HI ■ 

AK ■ ■ 
WY ■ DC ■ 

" bl) 

~ 

" > 
<l'. $1K 

$1K $SK $60K $450K 
$20M 

I 
$200M $2,000M 

Fire protection expenditure 

$8,000M 

Average loss($) per fire incident, Spring 2007 

(b) Population and fire department ex
(a) Fire loss in Spring & Winter, 2007. 

penses, 2011. 

Figure 5.5: Illustrations of preliminary data collection. 

some states (e.g., Connecticut) have higher per capita expenditures on fire de

partments than others (e.g., Florida). 

5.1.3.2 Prescribed Fire Models 

Prescribed fires and thinning/logging are two widely used techniques for fu

els treatment. In some cases, mechanical treatments (logging/thinning) are 

used first, followed by prescribed fires when whether permits. Prima facie, 

prescribed fire might be more cost-effective than logging, as the latter requires 

much more manpower and mechanical equipment. However, in regions with 

high risk of wildfire spreading, prescribed burning may not be an option at all. 

That is, it is a challenge to conduct prescribed burning in regions with thick veg

etation (trees or shrubs or grass), as it may be impossible to control the spread 

of fires. While this is the reason why prescribed burning is permitted only dur

ing specific "time windows" (depending on weather), regions that face severe 

dry conditions almost throughout the year may have extremely small time win-
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dows that allow prescribed burning. In such regions, logging would be the only 

viable option for fuels treatment. In light of the above challenges, an optimiza

tion model that recommends implementation of prescribed burning or logging 

or both, across spatial and temporal dimensions for a region under consider

ation, will be of use to fire managers. Such a model would consider various 

factors such as temperature, humidity, wind, moisture of the vegetation, and 

conditions for the dispersal of smoke, that are considered by prescribed burn

ing specialists [265]. 

Validating the effectiveness of prescribed fire models would be a challenge, 

since it is not cost-effective and practical to conduct prescribed burning and 

logging on an experimental basis, in anticipation of a wildfire. Nevertheless, a 

variety of methods could be used to address this challenge: 

1. From publicly available wildfire occurrence data (that includes prescribed 

fires and unintentional fires), for a specific region that was faced with a 

wildfire, the spatial pattern of the wildfire spread could be compared with 

a set of prescribed fires that was conducted in and around the same region, 

during a selected period of time prior to the actual wildfire. 

2. Use of machine learning (ML), particularly deep learning (DL) techniques 

for pattern recognition of satellite and drone images, to understand the 

impact of prescribed burning and logging on wildfire spread. Satellite im

ages of a wildfire-affected region taken at various points of time before the 

wildfire can be used to identify regions that underwent prescribed burn

ing and/or logging. ML/DL models can be "trained" and tested" based 

on images known to have prescribed fire and logging patterns. Such mod

els can potentially detect regions that did not undergo prescribed burning 
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or logging, however, that are equivalent to a region that underwent PF 

or logging, in terms of not allowing severe spread of wildfires through 

those. These models can be trained to detect other factors that influence 

wildfire severity (and hence may affect PF or logging decisions), such as 

fuel/moisture content, type of vegetation, and temperature. 

3. Develop simulation models based on fire spread models from literature, to 

validate the effectiveness of proposed strategies of PF and logging. Simu

lation software such as AnyLogic that also provides agent-based modeling 

capabilities could be used. Agent-based modeling is useful in the case of 

PF and logging decisions that are highly decentralized, and hence are sub

ject to the behavioral aspects of stakeholders and land owners (agents). 

The National Interagency Prescribed Fire Training Center's (PFTC) PF op

erations in 2013 documented that 88% of 70k total acreage burned oc

curred on federal property, while 73% of the 172 total number of burns 

occurred on non-federal property. 

For all the above alternatives, the most challenging part could be incorporat

ing the effect of wind on the spread of the wildfire. Unfavorable wind direction 

could also be a reason for wildfire not spreading to a particular region, even if 

prescribed fire/logging was not conducted in or around that region. 

5.1.4 Optimization Approaches to Wildfire RiskManagement 

5.1.4.1 Public-Private Partnerships for Mitigating Wildfires 

Prescriptive models for resource allocation and prescribed burning presented 

can important insights for wildfire managers. However, these can be effectively 
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implemented for decision making, only with the coordination of governments, 

NGOs, and private citizens. A simple version of a cooperative game in the 

wildfire management context could be modeled with five players: the federal 

government, the state government, the fire department, the NGO, and the pri

vate citizen. Let the utility functions of these players respectively be defined as 

ui("X), where X = {X1, x2, X3, X4, xs} is the set of decision variables, and Xi is the 

decision variable of player i. In a general sense, the utility functions of players 

can be represented as ui(X) = L]=l a{xj Vi. In CGT terminology, there are vari

ous coalitions S C IP that could be formed where IP is the set of all players. Let 

marginal utility of player i be denoted by u1(1(X), and the total utility be defined 

by ut(X). Then, all coalitions S that satisfy the conditions ui(X) 2: u1(1(X) (indi

vidual rationality) and LT=l ui(X) = ux(X) (Pareto efficiency) are considered to 

be a stable coalition, and the allocations to individual players form a core alloca

tion. The challenges here are to develop the functional forms for ui(X), u1(1(X), 

and ut(X). 

A rudimentary form of such a model can have binary decision variables 

Xi Vi E IP, where Xi = 1 denotes that i participates and Xi = 0 otherwise. 

The above results can be extended using the mechanism design concept in 

game theory, where the "society" can design a "mechanism" with utility func

tions and parameters that will lead all players to achieve a coalition and al

location structure that provide maximum possible welfare to the society. In a 

practical sense, the mechanism design process can be conceived as the policy

makers' /legislators' efforts aimed at improving social welfare. 

Although a single property owner's fire protection investment may not con

tribute significantly in mitigating fire risk of a region, the collective decision of 

all the property owners does. Agent-based simulations can be performed to 
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understand how behavioral characteristics of a person's decision making plays 

a role in shaping the decisions of an entire community. Using simulation, the 

influence of peer behavior on an individual's (property owner /tenant) decision 

making could be studied. Interviews and behavioral experiments would aid 

in obtaining behavioral characteristics and inputs for modeling. This type of 

model could be used to understand the effectiveness of outreach programs con

ducted by fire departments and local governments in educating the public about 

fire prevention. As a potential outcome, such a model could (i) provide insights 

to improve existing fire education and outreach programs and (ii) suggest new 

incentive mechanisms (e.g., reduced fire taxes and fire insurance premiums) 

which would improve the property owners' and tenants' fire management prac

tices. The NPV approach need to be used to incorporate temporal effects of fire 

risk, investments, and losses. Also, the trade-offs between different types of in

vestments/expenditures in fire protection ( expenditure on fire departments and 

on potential incentive schemes) could be studied using agent-based models. 

5.1.4.2 Balancing Pre-Fire Mitigation and Post-Fire Suppression 

The trade-offs between pre-fire and post-fire expenditures for prevention and 

suppression respectively cannot be resolved easily, due to the prevalence of un

certainty in the way wildfire would spread. 

Two-Stage Game Theory Model: Some works in the literature models PPPs 

between governments and private forest land owners, in the wildfire context. 

[266] considers a one-period game, in which governments and private landown

ers contribute efforts on fuel treatment activities, and does so in order to max

imize its utility. However, such models need to consider multiple periods to 

capture the realistic fuels treatment decisions. For example, [267] state that "fuel 
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Figure 5.6: Two-stage game framework. 

accumulation rate frequently limits prescribed fire effectiveness to a short post

treatment period (24 years)." On the other hand, in a more general context of 

disaster management, [268] uses a two-stage game model to model the trade-off 

between pre-disaster and post-disaster efforts. However, that paper only con

siders a single decision maker. Building on these existing models, new models 

could be developed for fuels treatment decision making, by integrating PPPs, 

game theory, and the trade-off between pre-fire and post-fire efforts. Figure 5.6 

shows the two-stage game framework that involves private landowners also as 

a decision maker, in addition to federal/ state/ other governmental landowners. 

Two-Stage Stochastic Network Interdiction: Despite the availability of mod

els that explain fire spread, uncertain wind directions and other factors make 

it impossible to use deterministic models for deciding spatial and temporal in

vestments for wildfire mitigation. Stochastic programming has been used in 

the literature to model such situations, particular to disaster management also 

[269]. Another category of models that are useful in this context are adversarial 

multi-armed bandit (AMAB) models [270]. Wildfire mitigation is an iterative 

process, and cannot be modeled using a single-period decision making of al

locating resources among the two "arms" of the bandit, namely, pre-fire and 
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post-fire mitigation. It is almost impossible to prevent all future wildfires, that 

is, no reasonable amount of investment may be able to achieve 100% mitigation 

of all wildfires. Multiple wildfires may occur in the same region under consider

ation over a period of time (e.g., California witnessed multiple wildfires during 

the year 2018). This makes it meaningful to model the resource allocation us

ing AMAB. Wildfire could be modeled as the "adversary" who has complete 

control over the payoff structure to the decision maker, after every period. 

Adversarial multi-armed bandit model 

Stochastic Stochastic 
network network 

interdiction interdiction 
model model 

(pre-fire) (post-fire) 

Timeline of a single wildfire 

Figure 5.7: General framework using a combination of adversarial multi-armed 
bandit (AMAB) and stochastic network interdiction (SNI) approaches to solve 
for balancing pre-wildfire and post-wildfire mitigation efforts. 

Interestingly, in the wildfire context, both pre-fire and post-fire mitigation 

activities (e.g., prescribed fires and suppression respectively) require "spatial" 

decisions. Pre-fire, the decision maker needs to choose regions for conducting 

prescribed fires. The term post-fire could also refer to "during fire" efforts such 

as suppression. In other words, the term "post-fire" could be used to refer to 

any event/activity that happens after the precise point of time when the wildfire 

started. During fire or post-fire, the decision is on where to deploy firefighters 

who can contain the fire, and to deploy other relief and management teams. 
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Conventionally, in a stochastic network interdiction problem (SNI), the inter

dictor chooses arcs to attempt to interdict with the objective of minimizing the 

maximum flow that the adversary can achieve [271]. For wildfire applications, 

the wildfire-prone region could be modeled as a directed graph 9 (V, A), where 

V is the set of vertices and A is the set of arcs. Arcs are the boundaries between 

regions, and arcs are the potential "candidate lines" along which prescribed 

fires can be performed. There are various types of prescribed fires depending 

on the geometry of the area burned. The model should be able to accommodate 

these variants by allowing one or more of the arcs outside of each region to be 

burned. There are also other types of prescribed fires based on the intensity of 

fire, which should also be accommodated by the model. The AMAB and SNI 

modeling techniques could be combined to form the framework given in Figure 

5.7. 

5.2 Fire Protection Reliability 

5.2.1 Introduction 

The objective of this section is to study and improve reliability-based failure

assessment and decision-making approaches for fire protection equipment, lever

aging inspection, testing, and maintenance (ITM) data. 

While there exist NFPA codes and standards that specify minimum require

ments for ITM for fire protection systems, these requirements are often not 

based on ITM data or historical deficiencies. Thus, the current ITM frequencies 

may not be the most effective in terms of addressing the actual (risk of) failure 

profiles of fire protection systems. These concerns are echoed by the FPRF report 
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[272] and workshop [273] that focused on fire pumps. Although there is consen

sus on the need for ITM data for driving reliability-based decision making, FPRF 

[272, 273] acknowledged that existing data collection procedures do not ensure 

collection and maintenance of standardized, quality data that can be used to aid 

analytics for improved decision making. Besides data-driven approaches, the 

fire protection literature and practice, in general, lack adequate studies on eval

uating and correlating reliability with code requirements. Currently, there is a 

high level of heterogeneity in the types of codes fire safety codes with respect 

to ITM. Most states have their own fire safety laws (on the performances stan

dards for fire pumps and other fire protection systems, and ITM frequencies) 

that are variants of NFPA codes. Chapter 8 of NFPA 25 code says that for fire 

pumps, "the minimum frequency of inspection, testing, and maintenance shall 

be in accordance with the manufacturer's recommendations and Table 8.1.1.2." 

The cited table recommends weekly inspection and annual testing and preven

tive maintenance. Sometimes counties and/ or townships have autonomy too, 

in deciding ITM mandates. Decentralized decision making with respect to ITM 

frequencies is beneficial, in the sense that conditions (economy, demography, 

cultural) are different in different regions (states/counties/townships). How

ever, there does not exist a standard framework or uniform protocols for data 

collection and sharing. 

5.2.2 Literature Review 

There are some related works on failure assessment of fire protection systems. 

[274] proposed guidelines, drawing on the broader disaster management con

text, for incorporating "resiliency" into NFPA Codes and Standards; and pre-
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sented a probabilistic approach to modeling fire risk as a function of likeli

hood of fire occurrence and the potential consequences of fire . This section first 

presents how the literature on fire protection systems has modeled failure as

sessment, and then discusses how these models can be extended to improve 

data-driven, reliability-based decision making of ITM frequencies. 

A cascading failure hierarchy correlative model of the ship fire-fighting sys

tem is presented in [275]. [276] uses GO method to analyze the reliability of fire 

protection system in building by choosing eight reliability characteristic param

eters. [277] provides insight regarding the operational reliability of several fire 

protection strategies, including fire detection, automatic sprinklers and com

partmentation, using data. The operational reliability was defined as the esti

mate of the probability that a fire safety system will operate on demand. Opti

mal design of passive fire protection on offshore structures is presented in [278], 

using techniques such as quantitative risk analysis (QRA), structural system re

liability analysis (SRA), and reliability based design optimization (RBDO). The 

total expected cost of the protection system is minimized while satisfying relia

bility constraints using the optimization. [279] studies the selective maintenance 

problem for multi-state series systems working in variable loading conditions. 

The degradation of a components depends on its current state and the load ap

plied on it. A load-dependent degradation model is proposed for multi-state 

components operating in variable loading conditions. A Monto Carlo simula

tion method is used to determine the best selective maintenance strategy that 

maximizes the expected system reliability. 

[280] studied the reliability of fire water supply system in high-rise build

ing and introduced reliability model of the system. [281] studied the pumping 

systems' availability when they are submitted to regular periodic inspections 
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Figure 5.8: Failure event tree, adapted from [5]. 

or tests. System behavior is observed during the performance of the inspection 

or tests to detect potential hidden failures of some component or subsystem. 

They analyzed the probability of failure on demand of critical equipment and 

analyzed the probability of success of the important stage. The study shows the 

influence of inspection or tests frequency on the desired availability of the fire 

pumping system. The reliability of various components is studied [282] by con

ducting a comprehensive survey of sprinkler system in high-rise office building. 

[5] uses an event tree to represent the possible failure/no failure scenarios 

with respect to a fire protection system component, and uses a mathematical 

model for ITM frequency assessment based on the reliability of the component. 

5.2.3 Model 

Figure 5.8 shows the event tree adapted from [5], and the right-most column ti

tled "Consequences" is a contribution of this chapter, in order to account for the 

consequences of component failure, in addition to likelihood and frequency. Be-
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low, the model used in [5] is presented, and later, extension ideas are presented. 

The failure rate of the component is given by: 

(5.1) 

where fie is the failure rate for components failure mode; (1 - x) is the proba

bility that a fire does not occur before an ITM task (that should detect the defect) 

is performed; EFF is probability that the ITM task will indeed detect and cor

rect the defect, given that the ITM task is performed; S1 is the frequency of the 

component operating successfully; Fi and F2 are frequencies of the component 

failing on demand [5]. Assuming constant frequency of fires, the probability 

that a fire occurs before an ITM task is performed is modeled as: 

(5.2) 

where /Fire is the frequency of fires and T is interval of component testing. R 

is unreliability of the component. Substituting Equation 5.2 in Equation 5.1, the 

component failure frequency is: 

Fe = F1 + F2 = fie [1 - EFF * exp (-/Fire (T /2) )] . (5.3) 

Then, the ITM task frequency is: 

(1 - availability) :=:::; R = 1 - e- FcT, (5.4) 
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where R is the unreliability of the component. Substituting Equation 5.3 into 

Equation 5.4, the result is: 

R = 1 - exp (-fie [1 - EFF * exp (-fFire(T /2))]). (5.5) 

This can be used to determine ITM task frequency required to achieve a tar

geted availability for the component, if the values for fire frequency /Fire, ITM 

task effectiveness EFF, and the failure rate of the component fie can be esti

mated/predicted. Due to limited availability of data on fire protection system 

failure rates, [5] used a method of predicting the failure rate. The method uses 

probability of failure on demand (PFOD) ranking (e.g., high, medium, low, very 

low) and NFPA recommended interval (e.g., weekly, monthly, quarterly, semi

annually, annually) to estimate the failure rate for a specific component failure 

mode: PFOD = fie * TI 2. To account for lack of precision used in determin

ing the failure rates because PFOD is based on order of magnitude estimates 

for component failure modes, a scoring approach was developed: Y = F - Z, 

where Y is score of y; Fis score for fieand Z is the order of magnitude reduction 

attributed to the ITM test interval and task effectiveness. The recommended 

frequency table is developed by: (i) converting failure rate data into scores; (ii) 

calculating values for y for various component availabilities; (iii) calculating 

the ITM test frequencies; and (iv) developing ITM recommended frequency ta

bles. The final step is to compare predicted failure rates to published failure 

data for selected components, to verify the validity of the methodology used to 

estimate the failure rate for component failure modes. While [5] provides sig

nificant contributions in reliability-based assessment of ITM frequencies, this 

chapter identifies certain approaches to extend that model, to convert it to a 
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Figure 5.9: Relationship between inspection frequencies and costs. 

state-of-the-art decision-making model (see below). Following [283], the results 

are expected in the form of the relationship curves shown in Figure 5.9. More 

frequent inspections may be able to mitigate losses, however will result in in

creased expenditure or equipment damage. The inspection agency may choose 

the inspection level that results in the minimum total cost. Inspection frequen

cies may affect reliability also; e.g., [272] calculated that fire pump reliability 

was higher when tested weekly (99.4% for electric pumps and 97.3% for diesel 

pumps) than monthly (99.0% for electric pumps and 95.6% for diesel pumps). 

This section extends [5] by incorporating the notion of risk of failure/potential 

consequences, following the guidelines in [274]. As shown in Figure 5.8, the 

consequence of 'success' (no failure on demand) is Cs1, that of failure after in

spection is Cn, and that of failure before inspection is Cn. These consequences 

will be a combination of losses from a fire as well as the !TM-related costs. Cost 

functions could be extended to more detail, following [283], the results of which 

are expected to follow the trends in Figure 5.9. Buildings or properties with a 

higher potential value at risk are likely to deploy stricter or more frequent in

spections. These will pave way to two interesting extensions: (i) incorporating 

the cost of ITM frequencies into decision making, and (ii) risk preferences of the 
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decision makers. With respect to (i), a 100% ITM of fire protection systems in 

all buildings/properties at highly frequent intervals is expected only if the cost 

is ignored. However, realistically there is a constraint on cost which limits ITM 

frequencies. Moreover, ITM could be similar to a typical economic commodity 

that has diminishing marginal returns, which brings in the cost-effectiveness of 

inspections also into consideration. To address these important considerations 

which are critical to decision making of ITM frequencies, the trade-off between 

expenditure/investment on ITM and the potential consequences can be mod

eled. Increased investment for improving ITM frequencies could increase relia

bility of fire pumps (or any fire protection system in general) and thus mitigate 

the potential consequences due to pump/system failures. However, resource 

constraints ( e.g., limited budget, inspection personnel) prevent complete min

imization of potential consequences. The willingness to pay (WTP) levels of 

various property owners may be different in different cases, which could result 

in varied levels of ITM frequencies. For example, the property owner of a 50-

storey commercial building would be more risk averse than the property owner 

of say, 50 multiple 2-storey residential apartments. The former would pay more 

for ITM compared to the latter. Such practical considerations could be incor

porated in the decision-making models. The event tree in Figure 5.8 could be 

extended according to the updates made in the model. This model could also 

be extended by using multi-component system considerations, as in [279]. 



Conclusion and Future Research 

Through the models, results, and insights presented in Chapters 3, and 4, cou

pled with the literature and ideas presented in Chapters 2 and 5, this disserta

tion provides significant contributions to fire risk management literature. Chap

ter 2 presented a comprehensive review of literature in fire risk management, 

covering the applications of economics, decision making, risk analysis, game 

theory, optimization, and data analytics. Chapter 3 proposed resource alloca

tion models for distributing various types of fire protection funding. Chap

ter 4 explores spatio-temporal fire risk prediction techniques that use extensive 

amount of data, including fire incident records, fire department profiles data, 

census data, and weather data. Although resource allocation and prediction 

models in Chapters 3 and 4 are presented as two standalone components, these 

can easily be integrated when required. When used together, these models can 

provide recommendations to policymakers in fire protection to optimally allo

cate fire protection funds, considering spatial and temporal aspects of fire risk. 

The rest of this chapter presents a few directions in which research on decision 
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making and risk assessment in fire protection could be progressed further, given 

the gaps and insights identified in the previous chapters. 

Collaboration/cooperation in fire protection: Fire protection is a problem that in

volves many stakeholders (firefighters, fire departments, and other fire protection

related organizations, federal, state, and local governments, insurers, property 

owners, citizen, fire safety equipment manufacturers). An optimal solution to 

the challenges that exist in fire protection, primarily risk assessment and cost

effective resource allocation, requires cooperation from all stakeholders. In this 

context, cooperative game theory models would be of use, in assessing the value 

of collaborative frameworks, and in determining how should the gains be allo

cated among the collaborating parties. 

Proactive fire protection: Proactive fire protection is very important in fire protec

tion. The potential losses due to fires caused by negligence are very high. Given 

this situation, efforts have been taken by a few fire departments in deploying 

Risk-Based Inspection Systems. However, these are primarily restricted to large 

cities, at present. Studying the benefits of implementing similar risk assessment 

and inspection strategies using predictive analytics is a promising area of re

search. 

Fire taxes and insurance: Given the increasing operational expenses of fire depart

ments due to burgeoning costs, it would be useful to study the potential eco

nomic implications of fire taxes on all stakeholders and affected parties. More

over, deciding the optimal level of fire tax is a problem by itself. Imposing the 

same tax to every building or property (as exists in come states such as Califor

nia), irrespective of its value, is definitely not an optimal solution. 

Fire department location: The results from the spatio-temporal fire risk function 

and prediction in Chapter 4 could be used as input parameters to location prob-
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lems. Also, to minimize spatio-temporal risks, resource availability and sharing 

could be studied using decentralized models along with response time and dis

tances. This would address resource constraints in a populated region which 

is flanked by two towns or villages which are less populated. Each town could 

separately decide to locate two medium-sized fire departments, or the two towns 

could jointly decide to build one fire department. These decisions have poten

tial trade-offs between expenditure and losses averted. 

Government's fire grant allocation: Federal, state, and local governments have 

budgets for fire protection, in particular for supporting fire department expen

ditures ( e.g., FEMA has grants such as Assistance to Firefighters Grant and 

Staffing for Adequate Fire & Emergency Responses programs). Federal, state, 

and local government allocations can be modeled to minimize losses consider

ing the spatio-temporal risk distribution, compare optimal solutions with grant 

guidelines, and provide insights to practice guidelines. The model would in

corporate temporal effects of fire risk, using net present value (NPV) of future 

investments and losses. Spatial aspects of the model can be extended by study

ing optimal fire department expenditures at various (federal, state, county, as 

well as fire district) spatial levels. 

Optimal mix of firefighter types: Leveraging large amounts of available data (in 

particular from the U. S. Census Bureau, the U. S. Fire Administration, and 

the National Fire Protection Association), it can be analyzed how resources, 

firefighting personnel in particular, could be optimally allocated to mitigate 

losses due to fires. Specifically, a regression model could be developed to es

timate the effectiveness of career and volunteer firefighters, in mitigating fire 

losses. For this, historical data on fire losses; population, GDP, and other eco

nomic/demographic characteristics; and career and volunteer firefighter statis-
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tics could be used. This model could be demonstrated for various geographic 

regions/government levels, namely, for U. S. national level, U. S. states, and 

U. S. counties. If sufficient data is available, similar models could be used for 

smaller entities such as fire districts or fire departments. The results from this 

parameter estimation model can be used to compare the effectiveness between 

hierarchy levels (national, state, county) and within a hierarchy level (across the 

50 U.S. states). Root-cause analysis of why effectiveness tends to be high/low 

in some regions, could be performed. The effectiveness at the county level or 

fire district level would help in identifying common characteristics (social, eco

nomic, demographic characteristics) between regions with similar effectiveness. 

This would provide insights about technological, operational, or other reasons 

behind high/low effectiveness. 

The regression model could then be extended to develop a resource alloca

tion model that takes into account the effectiveness parameters of fire protec

tion career and volunteer firefighters. The objective of this mathematical model 

would be to find the optimal combination of career and volunteer firefighters 

that minimizes fire losses. Budget constraints on career and volunteer firefight

ers could be applied. Counties and other local governments allocate budgets for 

fire protection expenditure, which include salary of career firefighters. Hence, 

an upper bound on the number of career firefighters that can be deployed, is 

reasonable. Although typically volunteer firefighters are not salaried, adminis

trative costs associated with volunteer firefighters, which cannot exceed a par

ticular budget limit, could be considered. In addition, the societys capability 

to provide volunteer firefighters may also be limited. These two points imply 

that an unlimited supply of volunteer firefighters is not possible. Analytical 

and numerical results could provide insights and techniques to help decision 
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makers in fire protection (e.g., policymakers in governments) evaluate budget 

allocation strategies and optimal mixing of career and volunteer firefighters to 

minimize fire losses. 

This analysis would support the study of how non-fire-related services of

fered by fire departments (e.g., emergency medical services, rescue missions, 

hazardous material management) affect the resource allocation model and its 

insights. Considering the fact that these services are inevitable to many com

munities, these need to be considered while making policy decisions on fire 

protection investments and personnel. 
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