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Abstract

Emergency response departments face significant challenges due to resource scarcity and fluc-
tuating incident demands. Traditional static resource allocation, assigning resources to fixed
stations, often results in inefficiencies, leaving resources underutilized or insufficient in high-
demand areas. To address these shortcomings, this research develops a dynamic resource alloca-
tion framework tailored specifically for fire departments. The framework integrates preemptive
strategies based on historical data and predictive modeling with reactive strategies responding
to real-time emergencies. Validated through a case study in Fredericton, Canada, using data
from 2017 to 2021, results demonstrate that dynamic allocation significantly reduces response
times and enhances resource efficiency compared to static methods. This study provides a data-
driven, practical approach to optimizing resource management in fire departments, effectively
addressing operational constraints such as geographic challenges, varying demands, and limited
resource availability, thereby improving efficiency, readiness, and effectiveness in emergency re-

sponse operations.

Keywords: Dynamic resource allocation; Emergency response optimization; Fire department
management; Spatiotemporal demand modeling; Preemptive and reactive strategies; Operational
efficiency; Resource utilization; Mathematical modeling; Response time reduction; Incident

management.
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1 Chapter One: Introduction

This chapter provides the motivation and goal for the research followed by research objectives.

Following this, the thesis structure is brie y described to give an overview of the topics covered.

1.1 Motivation

Emergency response departments are among the organizations that play an important role in sav-
ing lives. These departments face growing limitations due to the scarcity of resources, including
personnel, eets, and equipment. One contributing factor to these limitations is the static allo-
cation of personnel to stations, requiring them to be at the same location and ready to respond
to high-risk situations during their shifts. Consequently, xed allocation leads to the misman-
agement of human and nancial resources, particularly because of the uneven spatiotemporal
distribution of emergency events. For example, re response data shows that re incidents are
more likely to occur during the day in downtown areas and at night in residential zones, simply
due to higher crowds in business centers during working hours and vice versa in residential areas
during the evening. An alternative to static allocation is dynamic allocation, where resources are
relocated between stations within a day or across multiple days of operation. Dynamic alloca-
tion facilitates faster response operations by positioning resources closer to the potential areas of
need, and resources will be relocated based on spatioteporal features of demand. To implement
this, however, decision-making tools are required to generate strategies that effectively allocate
resources over time. Without such tools, planners may be unaware of the long-term costs and

bene ts of their decisions, resulting in wasted resources that could be more effectively distributed



elsewhere.

Resource management in the public sector differs signi cantly from that in the private sector,
which aims to maximize prot or minimize costs. In contrast, public sector goals are centred
around minimizing social costs, ensuring ef ciency, and maintaining equity in service deliv-
ery [1]. The complexity of resource management is further compounded by political decision-
making, data limitations, and con icting goals [2]. The multifaceted nature of emergency re-
sponses highlights the need for dynamic resource allocation. Different types of incidents—such
as structural res, vehicle accidents, and hazardous material incidents—require specialized re-
sponse protocols and strategies. Effective resource management requires a thorough understand-
ing of incident types and a strategic approach to resource deployment, whether preemptive or
reactive. From the moment an emergency call is received to the completion of incident handling,
resource allocation plays a crucial role in determining response effectiveness.

Preemptive resource allocation involves positioning resources in anticipation of events based
on historical data and predictive models, offering the advantage of proactive preparedness. By
forecasting the likelihood and potential locations of incidents, emergency response departments
can optimize resource utilization, reduce response times, and enhance overall effectiveness. In
contrast to preemptive resource allocation, reactive resource allocation adapts to unforeseen inci-
dents, addressing the unpredictable nature of emergency events. Both strategies play an essential
role in the decision-making framework for effective emergency management, which highlights
the importance of advanced models that integrate both preemptive and reactive elements, allow-
ing for dynamic optimization of resource allocation.

Integrating dynamic optimization of resource allocation strategies into resource management



systems can signi cantly enhance the capacity of emergency response departments to respond
ef ciently and promptly, ensuring maximum readiness and operational effectiveness. The nd-
ings of this study highlight the need to reassess current resource allocation models and invest
in the development of advanced decision-making tools that can accommodate the dynamic na-
ture of emergency incidents. Such advancements could improve resource allocation, ensuring
optimal utilization at the times and locations of greatest need.

This study focuses on the logistics of dynamic resource allocation, speci cally examining its
application within re departments. The proposed model captures two types of resource move-
ments: preemptive and reactive. In preemptive relocation, resources are strategically scheduled
to move between stations based on anticipated demand patterns. In reactive relocation, addi-
tional resources, such as eets and personnel from other regions, are deployed to incident sites
when the scale of the emergency exceeds expectations and the initially allocated resources are

insuf cient to manage the situation effectively.

1.2 Research Objectives

This research aims to advance the understanding and application of dynamic resource allocation
strategies in emergency response departments, speci cally focusing on re departments. The

study sets the following objectives:

1. Evaluate the limitations of current static resource allocation models Analyze the in-
ef ciencies, imbalances, and constraints of static methods, particularly in addressing the

spatiotemporal variations of emergency demands.



2. Develop and optimize a dynamic resource allocation framework tailored to emer-
gency response operationsDesign and re ne a mathematical model integrating pre-
emptive strategies based on historical demand patterns and reactive strategies for real-
time emergencies. Incorporate key operational factors such as spatiotemporal demand
variations, maximum allowable distances for resource reallocation, response time targets,
resource availability, geographic challenges, and cost ef ciency. Systematically analyze
their impact to ensure the framework is practical, adaptable, and effective across various

operational contexts.

3. Validate the framework through real-world application : Apply the proposed model
to the City of Fredericton, Canada, using historical incident data to evaluate its perfor-
mance. Demonstrate its effectiveness in optimizing resource utilization, minimizing re-

sponse times, and addressing operational inef ciencies in emergency response.

In summary, this research seeks to bridge critical gaps in emergency resource management by
advancing both theoretical understanding and practical application of dynamic allocation strate-
gies. The outcomes aim to provide emergency response departments with actionable tools to

enhance their ef ciency, adaptability, and preparedness in addressing evolving challenges.

1.3 Scope & Thesis Organization
1.3.1 Scope

The scope of this research is de ned by the modeling assumptions and constraints under which

the dynamic resource allocation framework is developed. In constructing the model, all emer-



gency response units are assumed to be homogeneous in capability and performance, meaning
each resource is treated as identical and interchangeable. Travel times and costs between sta-
tions and incident locations are estimated through a consistent, simpli ed method that provides
a baseline for movement decisions without capturing the full complexity of real-time traf c or
road network conditions. The demand for emergency services is modeled as a Poisson process,
re ecting an assumption that incidents occur randomly over time at a steady average rate derived
from historical data. Furthermore, the model operates under an assumption of perfect informa-
tion, implying that it has immediate and accurate knowledge of incident occurrences and the
status of all resources at any given moment. These assumptions create a controlled environment
in which pre-emptive relocations (based on anticipated demand patterns) and reactive deploy-
ments (in response to unfolding incidents) can be optimally coordinated.

Within these assumptions lie the limitations that delineate the scope of the study. Treating all
resources as uniform in capability means the model does not account for differences in vehicle
type, crew expertise, or specialized equipment — a simpli cation that may overlook important
heterogeneity in real emergency operations. The use of a xed, predetermined travel cost esti-
mation disregards dynamic traf c congestion and other routing uncertainties, which could lead to
deviations between the model's predicted response times and actual eld conditions. Likewise,
assuming Poisson-distributed incident arrivals provides analytical tractability but may not fully
capture peak demand periods or spatial-temporal clustering of emergencies that occur in prac-
tice. The perfect information assumption is an idealization, as real-world decision-makers often
face incomplete or delayed data during emergencies. The evaluation framework also employs a

static cost structure for optimization (e.g., treating all relocations or responses with uniform cost



parameters), which simpli es analysis but fails to re ect potential variations in cost or priority

for different incident types or severity levels.

By clearly stating these assumptions and acknowledging the associated limitations, the scope of
the research is established, focusing on a tractable subset of the emergency response allocation

problem and providing a basis for interpreting the model's results within an idealized context.

1.3.2 Thesis Organization

Chapter Two: Literature Review provides a comprehensive review of existing literature on emer-
gency response resource management. It evaluates different methodologies and identi es gaps
in current approaches, laying the groundwork for the development of the proposed preemptive
and reactive resource optimization model.

Chapter Three: Methodology, the research methodology is elaborated, detailing the conceptual
framework and mathematical models used in designing the preemptive and reactive resource
optimization strategy. The theoretical foundations of the proposed approach and its practical
applicability in real-world scenarios are discussed.

Chapter Four: Simulation Results and Discussion analyzes and discusses simulation results ob-
tained from implementing the proposed model. The ndings are interpreted in the context of their
implications for resource allocation and operational ef ciency in emergency response scenarios.
Chapter Five: Case Study validates the effectiveness of the preemptive and reactive resource
optimization model in a real-world emergency response scenario. Practical insights into the
implementation and performance of the developed model are provided.

Chapter Six: Conclusion summarizes the key ndings, highlights the contributions to the eld of



emergency response resource management, and suggests directions for future research.



2 Chapter Two: Literature Review

This literature review is structured as follows: We begin by examining the critical aspects of
staf ng in re departments, focusing on both qualitative and quantitative dimensions. Next,
we investigate eet sizing, by considering factors including the strategic locations of eets and
their deployment strategies. Concluding the review, we explore the operational intricacies and
procedural dynamics within re departments, aiming to provide a comprehensive overview of

their functioning and challenges.

2.1 Staff Allocation Strategies

Ensuring that a re comparhyis adequately staffed is of paramount importance. Proper staf ng

is essential for ensuring operational ef ciency and signi cantly enhancing the overall effective-
ness of re incident management by ensuring that enough personnel are available to perform
a variety of critical tasks on the re ground. The direct and indirect impacts of staf ng on
incident outcomes and the safety of both re ghters and civilians are signi cant and highly
impactful [3]. Determining the appropriate staf ng levels for a re station requires a compre-
hensive analysis that considers the nancial implications of allocating additional resources, such
as re ghters and re apparatus, alongside the potential risks and consequences of inadequate
response capabilities. Staff sizing is a complex process that requires careful consideration of
several critical factors, including the imperative to save lives, ensure public safety, and minimize

the economic impacts of re incidents. Given the diverse nature of losses incurred during re in-

1The term ' re company' refers to the group of re ghters dispatched to an incident. It can also denote a single
re ghter attending to an emergency.



cidents—ranging from loss of life and property to signi cant economic detriment—it is essential

to evaluate the justi cation and feasibility of investing in additional protective measures in light

of potential incident-related losses.

Although it is widely recognized that increasing staf ng levels improves re protection capabil-
ities, the exact relationship between the size of a crew and overall re safety remains unclear.
To address this, the National Fire Protection Association (NFPA) in the United States has issued
general recommendations for appropriate staf ng levels at re stations. Despite these guidelines,
there is still no consensus on a universally accepted method to determine the optimal staf ng
level for each individual re station [4]. Lack of a standardized approach highlights the com-
plexity and variability inherent in re protection and emergency response, posing a signi cant
challenge for re department management and policy development.

There is ongoing discussion in the re ghting profession about establishing an international
standard for the number of teams assigned to specialized re equipment, such as aerial ladder
trucks or heavy rescue units. This discussion is pivotal as it in uences various aspects of re
management and public safety, including re safety, the economic impacts of res, employment
opportunities for re ghters, and the overall costs associated with re protection. At the heart

of this discussion is the relationship between re company size and the extent of re losses.
Proponents of standardized larger crews argue that such teams are not only safer but also more
effective, supporting their claims with various research studies. However, there is disagreement
over the use of these studies to set national standards. Critics contend that these studies often
fail to suf ciently consider or counter alternative hypotheses that could explain the causal rela-

tionship between speci c local re challenges and the frequency of re outbreaks. This critique



implies that the discussion may stem more from philosophical differences than from techno-
logical or empirical evidence [3, 5]. Standards that demand a higher-than-necessary number of
re ghters per company could in ate re ghting costs, affecting other essential public services.
Small, volunteer, or underfunded career departments may face closure or risk being perceived as
substandard if they fail to meet these strict requirements. Alternatively, some regions might be
compelled to reduce the number of re stations to maintain minimum staf ng levels per com-
pany, which could unintentionally increase station coverage areas and prolong response times
[3].

Two main factors must be considered when determining the appropriate staf ng level for a given
re station, commonly known as the effective response force. These two factors are the number
of re ghters per re truck (i.e., the size of the crew), and the number of re trucks that will be
required to respond to the re [4]. The staf ng levels and number of re ghters per re truck are
commonly discussed according to two standards in the re protection community [6]. Among
the most notable works on re station staf ng that have been published by the National Institute
of Standards and Technology (NIST) are the eld experiments conducted by the NIST on re
ground staf ng [6]. To determine the effect of varying the size of crews per re truck on the
overall scene time while maintaining a xed number of re trucks, NIST conducted 60 eld
experiments to investigate the impact of varying the number of crews per re truck. Regarding
the choice of crew size, NIST does not provide any speci ¢ conclusions, but it provides various
performance measures that can be applied to select the appropriate size of the crew based on the
performance measures provided. The National Fire Protection Association (NFPA) established

the NFPA 1710 standard [7], a signi cant reference regarding re station staf ng, in which the
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number of personnel required for a single station is not speci ed. According to NFPA 1710, every
re department should be prepared to respond to res with a minimum of 15 personnel, including
re ghters and emergency medical services (EMS) personnel quali ed to handle various types
of res. However, the number of re ghters may need to be increased depending on the type or
location of the incident.

Although re departments use staf ng models, career departments, which consist of fully paid
and professionally trained re ghters, typically staff re engines with crews of three or four

re ghters. Unlike volunteer departments, where personnel may have other primary jobs and
respond to emergencies on a part-time basis, career departments maintain a full-time workforce
dedicated to re and emergency services. Industry standards recommend a minimum of four
re ghters on each type of apparatus to ensure adequate manpower for effective and safe op-
erations. Nevertheless, local departments have the exibility to adjust their staf ng based on
speci ¢ requirements, be it nancial constraints or service demands [8]. NFPA-1710 suggests
that both re engines and ladder trucks should be staffed with four re ghters each. However,

it is commonplace for many re departments in the United States and Canada to operate with a
minimum crew of three re ghters. As highlighted by Lawrence [3], the number of personnel
assigned to a re apparatus typically ranges from two to ve. This staf ng varies based on the
community's requirements and the speci ¢ nancial capacity of the re department.

Alongside determining the required number of staff in each station and truck, a thorough un-
derstanding of how re departments schedule resources during different time periods is crucial.
Effective scheduling ensures that resources are optimally allocated to meet varying demand lev-

els, enhancing response times and overall operational ef ciency. The scheduling within any re
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department is tailored to local requirements and preferences, re ecting the unique needs and
challenges of the community it serves. The National Fire Fighter Near?NRsporting Sys-

tem provides an optional, non-penalizing approach to gather and learn from incidents and close
calls. Its summary report serves as an informative sample of the diverse shift arrangements em-
ployed by re ghters. From the reports contributed to this system, it was found that 12% of the
departments implemented a two-shift schedule (day and night), each lasting between 10 to 14
hours. However, the bulk of the report originated from departments using three rotating shifts or
platoons. A 24-hour shift followed by a 48-hour rest period was reported by 30%, while an alter-
native 24-hour rotation was indicated by 23%. The latter typically follows an on-off-on-off-on
schedule, followed by a four-day rest, referred to variably as 3/4, modi ed Detroit, or modi ed
Berkeley, depending on speci cs. More than 19 variations of the fundamental three-shift rotation
patterns are used. Most departments provide an off day, known as a "Kelly” day, every eighth
shift to prevent hours worked from being classi ed as overtime. Certain departments operate a
smaller fourth platoon to cover for Kelly's days and leaves. The result is that the average work
week for re ghters generally ranges from 48 to 56 hours, excluding any overtime. In recent
years, a 48-hour work followed by a 96-hour rest schedule has gained popularity [9]. According
to Near-Miss reports, this newer schedule is used by 3% of departments. Originating in Southern
California, this format was adopted because local housing was unaffordable for many re ghters
leading to long commutes. This schedule effectively halved their travel time. The 24-hour shift
pattern is a long-established tradition among re ghters, receiving few complaints. However,

those challenging this schedule for safety or economic reasons have faced strong backlash from

2http://www. re ghternearmiss.com
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comment-submitting re ghters [10].

To optimize re station staf ng, various operations research approaches have been developed.
A comprehensive literature review by Simpson and Hancock [11] examines operations research
methodologies applied to emergency response facilities, including re stations, police stations,
and ambulance services, over the past 50 years. To determine appropriate staf ng levels for a
re station, Lawrence [3] proposed an analytical approach that moves beyond a one-size- ts-all
solution. Their methodology uses community-speci ¢ demands to calculate the number of em-
ployees required, providing a tailored approach to resource allocation. The relationship between
crew size and re losses was tested using four simulated re and rescue experiments, and dif-
ferent staf ng levels were compared using data collected from these experiments. The analysis
recommends staf ng re squads with three re ghters, as performance improvements beyond
this number are minimal. Tests showed a signi cant 20-second improvement between two and
three re ghters, but negligible gains with additional personnel. As a result of a similar ap-
proach, Geason [12] compared four different crew sizes at several re stations by conducting
seven practical experiments simulating common re station tasks. Geason showed a signi cant
difference in ef ciency and safety between alternative staf ng levels and recommended that the
number of re ghters at those re stations be increased. Fry et al. [13] developed a model aimed
at minimizing the total expected costs for a re department while meeting minimum staf ng re-
guirements. The model accounts for employee unavailability and hiring constraints within re-
ghter schedules, drawing inspiration from the newsvendor inventory problem to address these
challenges effectively.

An examination of Management Science and Operations Management applications in emergency

13



and re operations was conducted by Green and Kolesar [14]. A decision analysis was used by
Dalby [15] to calculate the expected risk associated with certain staf ng decisions. Scenarios
were analyzed based on various staf ng levels to provide the decision-maker with quanti able
estimates of the bene ts, risks, and costs associated with the different staf ng levels. An analysis
of the total daily cost of re suppression resources was conducted by Wei et al. [16] using a
two-stage probabilistic model. This model considers several assumptions to estimate the appro-
priate daily cost of re response operations and determine which resources should be allocated to
these activities. Lolli et al. [17] developed a bi-objective model aimed at minimizing travel dis-
tance and response time when managing multiple micro-calamities simultaneously. Their work
emphasizes a focus on humanitarian and risk-based objectives, distinguishing it from models
primarily driven by cost considerations. The required level of re ghters for special events was
determined using a linear programming model by Stevanewal. [18].

To reduce the total cost of the daily allowances for multiple shifts, the objective of study will be

to minimize the total cost of those allowances based on meeting the special event requirements of
re ghters in each shift at the same time. There have been several optimization methods applied
to optimizing re station staf ng, but none combines the number of re trucks and the crew size

per truck at the same time.

2.2 Fleet Sizing Strategies

Emergency eets, comprising vehicles dispatched to incidents, are a cornerstone of emergency
response departments because they are essential for delivering staff and equipment to the scene

promptly, ensuring effective and timely responses to emergencies. The ef cacy of this resource

14



is intrinsically tied to the number of vehicles available at each station, as insuf cient eet capac-
ity can delay response times and limit the ability to address multiple incidents simultaneously,
thereby compromising the overall effectiveness of emergency operations. Fire department plan-
ners and operators face the complex task of ensuring an optimal eet size, which involves balanc-
ing the need to meet expected demand with the costs of owning and maintaining these vehicles,
while also accounting for the potential service shortfalls that could arise from an inadequate eet.
Given that the demand for emergency response services uctuates considerably over the course
of a day, maintaining 24/7 readiness often means having a surplus of idle vehicles, which neces-
sitates a strategic redistribution of vehicles to areas where they are most needed. Consequently,
the composition and positioning of the eet at any given moment depend on the department's
vehicle redistribution strategy [19]. Effective management of emergency response vehicle eets
is paramount, as it goes beyond ensuring vehicle availability and focuses on optimizing deploy-
ment strategies to guarantee swift response times, which are essential for ef ciently and promptly
meeting the community's needs and enhancing the overall effectiveness of emergency response
services.

Optimizing eet size is a complex and crucial process in transportation management, involving
the determination of the most ef cient number and types of vehicles needed to meet specic
operational demands. This optimization requires a thorough analysis of various data sets. In the
context of emergency services, such data includes historical records of incidents, routes taken to
incident locations, and comprehensive response times — including dispatch, arrival, response,
and return phases. By carefully evaluating this data, re department planners and operators can

make informed decisions about the size and composition of their eet, often guided by insights

15



from mathematical models developed by researchers and experts in the eld.

The concept of eet sizing transcends numerous transportation sectors, each contributing unique
insights to the eld. In passenger transport, Zuckerman and Tapiero [20] focused on identifying
the optimal eet size. Mole [21] introduced a dynamic model for vehicle eet sizing, adaptable

to changing demands and conditions. Turnquist and Jordan [22] specialized in the container
transportation sector, formulating a deterministic model for eet sizing. The logistics sector saw
contributions from Beaujon and Turnquist [19], who aimed to ascertain the optimal number and
strategic locations for freight carpools. In the broader context of the automobile and railroad
industries, Sherali and Tuncbilek [23] provided a comparative analysis of static versus dynamic
models for eet sizing. Emphasizing contemporary concerns, Tomasz et al. [24] developed a
model that integrates safety and ecological factors in eet management decisions. Furthering
this line of research, Pozueco et al. [25] conducted an in-depth study on the impact of eet
management on professional drivers' performance throughout their workday.

In the area of emergency services, eet sizing has been a topic of signi cant interest and re-
search. Notably, Yang et al. [26] introduced a mathematical programming model for effective
vehicle routing and eet management in re departments, leveraging real-time traf ¢ data to op-
timize eet allocation across different stations. This model primarily focused on dynamic real-
location of resources in response to emergent needs. Another innovative approach was proposed
by Huang and Fan [27], who used an integer programming model for the strategic assignment of
vehicles to emergencies, factoring in budgetary and resource constraints. This model conducted
an uncertainty analysis, considering variables like network congestion and emergency incident

variability. These studies collectively enrich the understanding of eet management in emer-
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gency services, providing critical frameworks and tools for optimizing response capabilities and
resource allocation in times of crisis.

Some approaches, such as those by Kolesar and Walker [28], have focused on the dynamic
management of emergency eets to maintain service coverage and minimize response times
during high-demand scenarios by reallocating resources based on real-time data, addressing the
limitations of static allocation models in complex urban emergency conditions, while Swersey
[29] suggested a model based on decision rules for determining how many resources to allocate
to a given event. Andersson andiNsrand [30] developed a decision support tool for dynamic
ambulance planning, which Gustafsson and Granberg [31] extended to re and rescue services,
creating a model to estimate resource requirements for different types of evémez €@ al.

[1] conducted an empirical study aimed at proposing a eet assignment model for the Santiago
Fire Department. The primary goal of the model is to maximize the number of incidents that
can be successfully attended. Another relevant integer programming model was proposed by
Schmid and Doerner [32], where the dynamics of coverage areas were analyzed to enable the
evolution of eet allocation over time to achieve a desired level of emergency coverage. In
another work, Dzator and Dzator [33] explored the classical p-median problem for ambulance
eet redeployment, seeking to minimize the average distance between demand nodes and the
nearest facility.

Considering all the mentioned factors, optimizing eet size offers several bene ts, such as in-
creased ef ciency, improved resource utilization, enhanced planning and decision-making ca-
pabilities, and greater environmental sustainability. This holistic approach not only streamlines

operations but also contributes to more sustainable practices within the eet management sector.
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One of the primary advantages of optimizing eet size is increased ef ciency. By leveraging
data to thoroughly understand transportation needs and demand patterns, companies can allocate
their resources more ef ciently, minimizing waste and inef ciencies. Such an approach enhances
the quality of transportation services and results in cost savings [19]. Additionally, optimizing
eet size improves eet utilization, reducing vehicle downtime and boosting productivity. Such
improvements enhance public satisfaction by ensuring timely responses to incidents and mini-
mizing the risk of delays. Furthermore, the need for fewer vehicles reduces costs associated with
purchasing, maintenance, and fuel [19].

Data-driven decision-making is another signi cant bene t of eet optimization. Fire departments
can use historical data on demand and response times to make informed decisions about eet
size and composition, ensuring an optimal mix of eet types to meet operational needs. This
adaptability allows re departments to respond swiftly and effectively to changing demands,
enhancing overall ef ciency [34, 35]. Optimizing eet size can also reduce maintenance and
repair costs by minimizing wear and tear on vehicles. With a streamlined eet, optimized in size
and composition, each vehicle is utilized more effectively, leading to reduced downtime, lower
maintenance costs, and enhanced operational longevity, ultimately improving the ef ciency and
reliability of the eet. Furthermore, eet optimization offers signi cant environmental bene ts

by carefully managing the number of vehicles and their travel distances. This approach reduces
fuel consumption, associated costs, and carbon dioxide emissions, thereby decreasing the overall

carbon footprint [36].
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2.3 Incident Response Breakdown

Fire incidents include a variety of incidents such as structural and vehicle res, vehicle accidents,
hazardous materials and natural gas incidents, and trench and water rescues. Each of these in-
cidents has unique elements, and responding to them requires specialized procedures. Although
there is a general outline of various stages of an emergency response to a re incident, from re-
ceiving the initial emergency call to the eventual return to the re station post-incident, speci ¢
protocols must be followed depending on the type of incident.

The process begins with an emergency call reporting a re incident, usually placed to a des-
ignated number (e.g., 911 in the U.S. and Canada). The call is received by a dispatcher who
collects critical information such as the location and nature of the re. The dispatcher then
alerts the nearest re department and relays the necessary details, initiating the response. The
alerted re department prepares for action, with re ghters putting on their protective clothing

and equipment before boarding the re engine and heading to the location. While en route, the
crew receives additional information about the incident, allowing them to formulate an initial
action plan.

Upon arrival, the crew leader or Incident Commander (IC) conducts an immediate size-up to
assess the scene and gather precise information. Based on this assessment, the IC communicates
the Incident Action Plan to the team. Fire ghting operations then proceed according to the
plan, involving simultaneous tasks such as establishing a water supply, setting up equipment,
performing rescues, and suppressing the re. Active re ghting includes applying water or foam

to the re, either by entering the building or attacking from the exterior, depending on the re's

severity and spread. Once the re is controlled and extinguished, the overhaul phase begins.

19



Fire ghters check for hidden res using thermal imaging cameras, remove burned debris, and
take measures to minimize water and smoke damage.

After the re is extinguished, a re investigator may examine the scene to determine the cause
of the incident. This process involves inspecting the site, interviewing witnesses, and collecting
evidence. Once the scene is deemed safe and no further services are required, re ghters pack
up their equipment and return to the station, ready to respond to the next call [37].

This sequence of events provides a general framework for re response, but variations often
arise depending on the speci c nature of the incident. For example, scenarios involving haz-
ardous materials, large structure res, or wild res may require specialized response elements
and tactics, signi cantly in uencing the resources needed and the strategies employed. Further
studies into these speci ¢ incident types could enhance the development of more ef cient and
effective response strategies, ultimately improving outcomes and resource utilization.

The complexity and diversity of factors in uencing re department staf ng result in regulations
that vary signi cantly between countries. As highlighted in the "Staff Allocation Strategies” sec-
tion, the required number of crew members per truck may differ depending on the type of truck
and whether the region is urban or rural, sometimes exceeding or falling below four. Further-
more, given the operational procedures and response protocols of re departments, this research
focuses on re trucks and eet reallocation, which directly impacts staf ng dynamics. Fleet real-
location inherently requires the reassignment of staff to accommodate the newly organized units,

affecting both personnel availability and operational ef ciency.
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2.4 Pre-emptive and Reactive Resource Allocation

Resource allocation in various domains can be broadly categorized into preemptive and reactive
strategies. Preemptive resource allocation involves allocating resources before they are actually
needed, based on predictions or proactive measures [38]. In contrast, reactive resource allocation
involves responding to resource needs as they arise, often in real-time or based on immediate
requirements [39]. The distinction between these two approaches lies in the timing and decision-
making process involved in assigning resources.

Preemptive resource allocation strategies are characterized by their proactive nature, where re-
sources are allocated in anticipation of future demands or events [40]. This approach is often
based on forecasts, historical data, or predictive models to optimize resource utilization and per-
formance [41].

Reactive resource allocation involves allocating resources in response to immediate needs or
changing conditions [42]. This approach is more adaptive and exible, allowing for adjustments
based on real-time requirements or unexpected events [41]. Reactive resource allocation is of-
ten used in dynamic environments where demand uctuates or where precise predictions are
challenging [39].

The choice between preemptive and reactive resource allocation strategies depends on various
factors such as the predictability of resource demands, the cost-effectiveness of proactive mea-
sures, and the exibility required to adapt to changing conditions [43]. Preemptive strategies
are bene cial when future resource needs can be accurately forecasted, leading to optimized
resource utilization and potential cost savings [44]. On the other hand, reactive strategies are

more suitable in dynamic environments where resource demands are uncertain or when real-time
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adjustments are necessary to meet immediate requirements [45].

In many contexts, preemptive resource allocation helps optimize energy consumption, perfor-
mance prediction, and load sharing by allocating resources in advance based on workload fore-
casts [46]. In contrast, reactive resource allocation focuses on dynamically adjusting resources
in response to real-time changes in workloads, user demands, or performance metrics [47]. This
approach is particularly relevant in scenarios where resource demands are unpredictable or where
rapid adjustments are critical to maintaining service levels.

Reactive resource allocation plays a vital role in environments like emergency response, where
resource needs can shift dramatically due to the nature of incidents and their locations. By en-
abling dynamic reassignment of resources, such as personnel or equipment, reactive strategies
ensure a more agile response to uctuating demands, reducing response times and optimizing
resource utilization. Understanding the interplay between preemptive and reactive approaches is
essential for developing systems that balance the cost-effectiveness of proactive measures with
the adaptability required for real-time challenges, particularly in dynamic and high-stakes sce-

narios like re and emergency services.
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3 Chapter Three: Methodology

3.1 Model Description

Consider a set of facilities de ned by the $eWithout loss of generality, we assume there is no
limit to sharing resources between two stations. X,gbe a binary decision variable, which is
one if facilityi 2 | andj 2 | are permitted to share resources. L2tT be the index of the set of
time periodsT.
Let rt be a continuous decision variable representing the level of resources allocated to facility
i at timet. For exampler% represents the level of resources allocated to facility 1 during the
second time period. As previously discussed, we consider resources as a combination of staff
and eet, collectively referred to as a company. Based on the literature review and the de nition
of rf, we infer thatr! initially represents preemptively allocated resources in the model, denoted
asrio. Let\/}j represent the number of resources relocated from faciiiye available at facility

0

j attimet + 1. Similar tor; v}J re ects reactive resource allocation. Thus, we establish:

ri=ri+ AW W) 8i8t2T, (1)
j

which ensures resource balance during reallocations, maintaining that the resources at the next
time step (it+ 1Y equal those at the previous stef) (minus resources transferred to other facilities

@& V}j), plus those received from other faciliti@j(vtji).

Let q}k represent the resources deployed from facility incidents in the regiok 2 K at time

t. The distinction betweeq;, andVj; lies in their timing and purposes; occurs between time
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steps as resource reallocation between facilities, making it a preemptive measure to optimize
future availability. In c:ontrasq}k occurs during time stefpas the deployment of resources to an
incident, representing a reactive response to immediate demands.

Fire departments strategically locate re stations based on factors like response time, population
density, geographic barriers, risk assessments, and existing infrastructure. Using Geographic
Information Systems (GIS), planners may decide not to place re stations in certain zones due
to low population density, lower risk levels, or budget constraints. In these cases, resources are
strategically allocated from neighbouring zones to ensure coverage. Since not all regions may
contain a facility, it follows that K. Taking these variables into account, there are speci c

restrictions on the values of botfy andv; as follows:

ad, r si,8t2T 2)

rt 8i,8t2T (3)

In equation 2, we ensure that the total allocation of deployed resources to either the same region
or neighbouring regions does not exceed the total available resources. Similarly, in equation 3,
we ensure that the total reallocated resources to other regions do not exceed the total available
resources. As previously mentioned, equation 1 balances the available resources at every station
for the subsequent consecutive time steps.

In certain scenarios, practical factors such as geographic remoteness, strategic priorities, or bud-
getary limitations may lead planners to impose restrictions on resource reallocations between

speci ¢ regions. These constraints are designed to enhance system ef ciency while addressing
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logistical challenges. Long-distance reallocations can introduce inef ciencies, such as increased
travel time, resource unavailability at the origin facility, and delays in response. Additionally, fre-
guent or excessive reallocations may strain personnel and equipment, ultimately reducing over-
all effectiveness. To prevent undesirable reallocations, we ensurgtleguals zero whenever

Xij = 0. To enforce this constraint, we introduce a large constamesulting in the following

condition:
Vi x; N 8i,j,8t2T (4)

This constraint effectively enforcezﬁ to be zero whenevegj = 0, contributing to the precision

of the resource allocation model.

Letd;; be a continuous parameter representing the distance between faanilgty. Without loss

of generality, we assume a threshelds the maximum acceptable distance for the reallocation

of resources between facilityand other permitted facilities. Therefore, we have:

axijdj e 8i (5)

j
Moreover, letD be a continuous random variable representing the total demand observed at a
facility, typically measured in terms of the number of incidents or resource requests within a
given time period. Therefore, the probability distribution function of demand at fac#ityime
t is FY(D). Similar tod;j, di is a continuous parameter that represents the distance, which in
this case is not between two facilities, but between fadiléyd the center of incidents in region

k. We use the Poisson distribution because it models discrete events that occur randomly and
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independently of one another.

A key component of the model is the maximum satis ed demand, expressed as:

t(’éfl gy exp( ady)), (6)

here t is a scaling factor that adjusts the satisfaction legigliepresents the resources deployed
from facility i to incidents in regiok at timet, and exj§ adik) accounts for the effect of distance
on resource effectiveness. The impedance faatodetermines the extent to which distance in-
uences demand satisfaction. A highewalue indicates greater sensitivity to distance, meaning
that resources farther from an incident are signi cantly less effective. Conversely, a éower
implies that distance has a smaller impact, allowing resources from farther locations to still be
useful.
To ensure a reliable level of service, we de pas the threshold for unsatis ed demand. Es-
sentially, the maximum allowable probability that demand exceeds the allocated resources. This
constraint ensures that the likelihood of unmet demand remains within acceptable limits. For-
mally, the cumulative distribution function (CDF) must satisfy:

Zy

RY(D) dD 8i,8t2 T 7
t(akd exp( ady)) (D) H (7)

This equation guarantees that the probability of unmet demand at faaditying timet does
not exceed the prede ned threshqld The integral of the CDF5!(D), ensures that the system
maintains a speci ed level of reliability in meeting demand. By incorporating distance-based

ef ciency, resource availability, and probabilistic constraints, this formulation strikes a balance
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between effective resource allocation and operational limitations, ensuring that service levels

remain consistent across different scenarios.

3.2 Model Schematic

Figure 1 visually depicts the distribution of resources between two stations over consecutive
time steps, illustrating the quantities of resources transferred, denotﬁdahn)olqtji , for intervals

wherel = K. It is not logical for a station to act as both a sender and receiver of resources

simultaneously.

Figure 1: Resource distribution depiction during reallocation and emergency situations

As shown in the gure, as long as the resource balance is maintained according to equations 1
and 2, the number of time steps can be increased, allowing resources to be deployed or relocated

27



to other facilities. To illustrate this continuity= 4 is blurred in the gure, indicating that the

process can extend beyond the depicted time steps.

3.3 Objective Function: Minimizing the Cost

Fixed resources in each station incur costs, and reallocating resources adds additional expenses.
The model aims to minimize the combined cost of these two factors while identifying the peak
and optimum values for each. Consequently, the objective function accounts for both the ac-
quisition cost of resources at each station and the transportation cost incurred when reallocating
resources between stations. Speci cally, the rst teépa; ; v}j dij, represents the total cost of
reallocation, Whertv}j denotes the quantity of resources moved between statamsj at time

t, andd;j represents the distance-dependent cost of transportation. The seconéite?rm,

captures the initial acquisition cost of resources at each station, \n{%'esrehe xed number of
resources at statian andb; is the per-unit acquisition cost. Together, these components de ne

the total cost function, which the model seeks to minimize:
min(§ & vijdij + & b)), ®)
toi] i
whereb; is the cost of maintaining resources at stafioralculated as a coef cient of the initial
resourcesio. To clarify, b speci cally refers to the cost associated with the initial allocation or
provisioning of resources at each station, re ecting the inherent setup costs. Additionally, the

model's objective function seeks to minimize another type of cost, which accumulates across all

stations. To ensure clarity and avoid confusion, we distinguish this cumulative cost by referring
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to it as anexpense This distinction allows for unambiguous discussion of costs and outcomes

throughout the analysis.
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4  Chapter Four: Simulation Results & Discussion

4.1 Static Model

In the status quo static model of resource allocation, resources are permanently assigned to spe-
ci ¢ stations and dispatched from and returned to those locations. In this approach, resource
reallocation during a given time period is not permitted. While this approach has limitations, it

is particularly useful for analyzing maximum potential demand and determining the resources

needed to address that demand effectively.

Figure 2: Schematic of static model

Figure 2 illustrates the schematic of a static model, showing resource allocation and response
scenarios during two distinct time periods: morning and evening. In the morning, the commer-
cial area experiences higher activity and a greater likelihood of incidents, while in the evening,
the residential area becomes busier with increased incident probabilities. The static allocation
model assigns resources to meet the maximum anticipated demand, preparing for the worst-case

scenario within a day. For example, in the morning, the commercial area requires ve groups of
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resources, whereas in the evening, only one group is needed. However, to ensure preparedness
for peak demand, the allocation remains at ve groups even during periods of reduced activity.

In static allocation, it is also possible to request resources from other stations in case of emer-
gencies. Fire departments often use this approach to respond to res, where resources such as
re ghters, re engines, and equipment can be quickly mobilized from neighbouring stations to
respond to a re.

With these assumptions, we present a simple static model involving two regions, each with one
station ( = J= f1,2g). The stations are permitted to share resources, meapirrg 1. In this

static scenarior} = r? andr}, = rJ, as resources remain xed over time. The objective is to
explore the optimal resource allocation based on varying costs and demands. For simplicity, the
model assumes thdfj andd;; are identical, re ecting symmetric travel between stations.

According to equation (1), since there are no relocated resoujges Vi, = 0, it follows that

rf=rt t=rQandry=r, ' =rd. Consequently, equations (2), (3), and (4) are always satis-

ed. Additionally, with only two stations and the assumption of resource exchange 1, the

dij value adheres to the imposed restrictions and does not exceed the established upper bound,
ensuring that equation (5) is satis ed.

We de ne the maximum satis ed demand for each statiort a&,qf; exp( ady) . From
equation (7), it follows that the cumulative distribution function (CDF) of the maximum satis ed
demand must satisfy the condition& cof,, exp( adik) CDF (), whereCDF () rep-

resents the inverse cumulative distribution function (also known as the quantile function). This
implies that the maximum satis ed demand must meet or exceed the threshold value determined

by the given probability levgl.
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The use ofCDF () is critical for establishing a threshold value for the maximum satis ed
demand based on a prede ned con dence level. The quantile function provides the value below
which a speci c percentage of the data falls. By ensuring that the maximum satis ed demand sat-
is es the inequallityt 8,0k, exp( adyk) CDF (1), we guarantee that the demand meets

a minimum probability requirement, making this approach particularly valuable in probabilistic
and statistical models where setting bounds based on likelihoods is essential.

For the specic example at hand, the maximum satis ed demand for Station 1 is given by

t o,exp( adp)+ af,exp( adyr) . Furthermore, the objective function, as given by equa-
tion (8), is to minimizerfb; + rdb,.

Table 1 displays the results yielded by the static model under an array of scenarios. In conducting
these experiments, we assigned a value of 04, tand 0.05 tqu for the purpose of calculating

CDF 1, given the context of an exponential distribution. The calculated distances amount to
1.065. we have chosen very high and low values for costs and demands. This is to make sure our

model works well, even under extreme conditions.

Scenario 1 Scenario 2 Scenario 3
a=0.1,u=0.05
Region 1 Region 2 Region1 Region 2 Region 1 Region 2
Demand| 100 0 100 0 100 100
Inputs

Cost 10 1 1 10 10 1
ri 0 333 300 0 0 633
Outputs Qi 0 0 300 0 0 300
0ij 0 333 0 0 0 333

Table 1: Results of static modeling in different scenarios
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In Scenario 1, we observe that if there is high demand in one region, but the cost of xed re-
sources in that same region is higher, the model places resources in the other region and trans-
ports them to the rst one. Conversely, in Scenario 2, Region 2 has a higher cost, so it is logical
to place resources in Region 1 and use them within the same region. Finally, in the last scenario,
both regions have the same demand, but the cost is lower in Region 1. As a result, the resources
are allocated in Region 1 and then distributed to both regions. In the context of the second sce-
nario, it is essential to note that the spatial distribution of resources remains con ned within the
same region. As a result, alterations in distance have no impact on the ultimate outcomes or
the value of these resources. However, in the rst scenario, changes in the distance parameter
signi cantly affect the resultant values. For instance, when the distance is adjusted to 0.5, the
variablesro andgp1 change to 315. This shift demonstrates how variations in distance directly

in uence resource allocation and operational outcomes within the model.

4.2 Dynamic Model

Contrasting the static model's xed approach, the dynamic model facilitates the redistribution
of resources across multiple time intervals. This methodology accounts for the resources avail-
able at the beginning of each interval and incorporates their expected availability in subsequent

periods.
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