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Abstract

This thesis advances Emergency Medical Services (EMS) logistics by developing
innovative delivery strategies, optimizing facility locations, and designing adaptive
dispatching policies to enhance response efficiency and resource allocation. Recog-
nizing limitations in traditional EMS models, this research explores alternative lo-
gistics strategies—including rendezvous and pre-hospital models—that offer greater
flexibility in high-demand, resource-constrained environments, laying the ground-
work for adaptive solutions in EMS.

A comprehensive literature review identifies and critiques current EMS strategies,
revealing critical gaps in facility location planning, dispatch policies, and resource
management in real-time. These findings establish a foundation for the research’s
models, prioritizing patient outcomes, and advancing EMS logistics to meet different
healthcare needs.

To address spatial disparities in EMS access, the thesis employs facility location op-
timization, determining optimal resource placement for rendezvous delivery strate-
gies. Analyzing geographic and demographic factors, these methods enhance re-
sponse times by ensuring EMS resources are strategically positioned to maximize
accessibility and patient medical outcomes.

Dispatch policies are explored through agent-based simulation, with a focus on rule-
based assignment methods that adapt dynamically to resource types, incident sever-
ity, and varying performance metrics across diverse resources and demand types.
This approach enables a nuanced allocation of resources, tailoring responses to the
specific needs of each incident while optimizing overall system performance.

In conclusion, this research offers actionable insights into EMS system design and
implementation, with broader implications for emergency logistics and urban health
policy.
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Chapter 1

Introduction

1.1 Introduction to EMS and the Role of Logistics

1.1.1 Overview of Emergency Medical Services

Emergency Medical Services (EMS) are a vital part of public healthcare systems
(Aringhieri et al., 2017). They provide immediate medical care and transportation
for people experiencing sudden health emergencies. The main goal of EMS is to
offer essential medical intervention before patients receive definitive treatment in
a hospital, helping to stabilize their condition, relieve their suffering and improve
their chances of recovery. Prompt action by EMS teams is especially important
in cases like injuries and infections, heart attacks and strokes, asthma and acute
complications of pregnancy (World Health Organization, n.d.a).

EMS systems usually include different levels of service, from Basic Life Support
(BLS) to Advanced Life Support (ALS) (Su and Shih, 2003), which vary in different
regions. They involve various professionals such as paramedics, pre-hospital doc-
tors and Emergency Medical Technicians. The vehicles and their equipment can
also differ. The EMS system relies on a hierarchical system of ambulance bases
and hospitals that support tiered treatment through the allocation of resources and
personnel. These elements work together through coordinated dispatch systems to
respond quickly and effectively to emergencies.

Various societal factors contribute to increased pressure on EMS— for example, a
growing population leads to more potential patients and wealth polarization exacer-
bates disparities in healthcare access (Andrew et al., 2020). This increase in demand
exists within the context of congestion and urban sprawl and evolving healthcare
treatments and technologies. This underscores the importance of efficient EMS sys-
tems that can respond rapidly to different types of medical emergencies with better
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outcomes.

The development of modern EMS can be traced back to medical practices on battle-
fields in the early 20th century, where the focus was on quickly evacuating injured
soldiers and providing basic first aid. Over time, these practices were adapted for
civilian use, especially during the mid-20th century (Committee on the Future of
Emergency Care in the United States Health System, 2007). A significant moment
in EMS history was the publication of the report Accidental Death and Disabil-
ity: The Neglected Disease of Modern Society in 1966 (National Research Council,
1966). This report highlighted serious shortcomings in emergency medical care in
the United States and led to major reforms, including the creation of paramedic pro-
grams, standardized emergency communication systems, and specialized emergency
vehicles. Emergency Medical Services in African countries also face significant chal-
lenges, including a lack of trained professionals, program immaturity, and limited
stakeholder engagement (Mosadeghrad et al., 2019). The availability of facilities
and equipment in both BLS and ALS ambulances was inadequate in Sri Lanka
(Nandasena and Abeysena, 2019).

Advancements in technology throughout the 20th and 21st centuries have greatly
transformed EMS. Some technologies, such as automated external defibrillators
(AEDs) (Committee on the Future of Emergency Care in the United States Health
System, 2007) improve treatment outcomes. Other tools, like real-time dispatch
systems and Geographic Information Systems (GIS), help EMS providers respond
more quickly and efficiently to emergencies. These innovative applications have
been particularly important in urban areas, where heavy traffic congestion and high
population density make it more challenging to reach patients promptly.

EMS system is already an essential component of public health and safety infras-
tructure in most countries and regions. It plays a crucial role in improving patient
outcomes during medical emergencies (MacFarlane and Benn, 2003). As the demand
for EMS continues to rise, addressing management challenges and finding ways to
make EMS operations more efficient remain important goals. Effective logistics that
assist the coordination and management of EMS resources are crucial for reducing
response times and improving service delivery.

1.1.2 Demonstrated importance of EMS logistics in public
health

The logistics of EMS not only affect individual patient outcomes but also have
significant implications for population health and community resilience.
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In times of public health emergencies, natural disasters, or mass casualty incidents,
the capacity of EMS logistics to adapt and respond effectively is crucial. During
large-scale emergencies like earthquakes, hurricanes, or pandemics such as COVID-
19, EMS systems face immense pressure due to sudden increases in demand and
potential resource limitations (World Health Organization, n.d.b). The ability to
rapidly mobilize ambulances, reassign personnel, and manage supply chains deter-
mines how effectively EMS can respond to these crises. For instance, during the
COVID-19 pandemic, EMS providers need to quickly adjust their operations to
handle increased demand volumes, implement new safety protocols, and manage
shortages of critical equipment to meet the increasing demand (Li et al., 2023).

Longer response times can lead to worse health in life-threatening situations, which
is a particular concern for rural areas and underserved urban neighborhoods (Luo
et al., 2022). EMS logistics play a vital role in addressing health disparities because
they address a number of strategies for minimising response time in a resource
constrained system and can be complemented with strategies like treatments, com-
munity education programs and advanced communication methods (Farcas et al.,
2023). Optimizing logistics to improve EMS coverage in these areas is essential for
ensuring equitable access to emergency care in a population-health context.

Effective EMS logistics contribute to the overall resilience of healthcare systems by
enhancing their ability to respond to both everyday emergencies and extraordinary
events. By strengthening logistical frameworks, EMS can reduce response times,
allocate resources more efficiently and address inequitable distribution of service.
These interventions will in turn better support public health objectives, improve
population health outcomes, and increase community preparedness for future crises.

1.1.3 Applications of logistics in EMS

Logistics are crucial to the effective operation of EMS because most stages of EMS
responses in Fig. 1.1 require movement of paramedics, services, and patients. The
main elements include facility locations, personnel and resource types, delivery meth-
ods, and dispatching systems. Each of these components must be carefully managed
to ensure timely and efficient emergency care.

Facility Locations: The placement of EMS facilities, such as ambulance stations
and medical centers, is vital for reducing response times. Strategically located facil-
ities enable ambulances to reach patients quickly and transport them to appropriate
care centers. Geographic Information Systems (GIS) are often used to analyze data
on population density, incident locations, and road networks to determine optimal
facility locations (Jia et al., 2007).

CHAPTER 1. INTRODUCTION 3



Figure 1.1: EMS Response Process (Aboueljinane et al., 2013)

Personnel and Resources: EMS personnel, including paramedics and Emergency
Medical Technicians, must possess the necessary skills and qualifications to provide
appropriate care. Their training levels determine the types of medical interventions
they can perform, such as BLS or ALS. Ensuring that the EMS workforce has suffi-
cient clinical exposure (Bray et al., 2020) and a mix of skills allows for better response
to various medical emergencies. Additionally, the types of resources and equipment
available—like defibrillators, ventilators, and medications—affect the level of care
that can be provided on the scene (Nitzschke et al., 2017). Although more on-scene
time will take longer out-of-hospital time, advanced pre-hospital interventions can
improve patients’ chances of survival (Ter Avest et al., 2022).

Delivery Methods:We can use the elements from graph theory to represent lo-
gistics or delivery strategies, where nodes are locations (e.g., suppliers, warehouses,
customer delivery points) and edges are connections (e.g., transportation routes or
data flows) between them. For example, a supplier node connects to a warehouse
node via a directed edge representing the movement. Edges can have weights to
indicate distance, cost, or delivery time.

For instance, in Fig. 1.2, the three nodes represent the delivery rider, the restaurant,
and the customer. The links illustrate the movement directions within the food
delivery strategy: dashed lines indicate trips with food, while solid lines denote trips
without food. Fig. 1.2a depicts the scenario where the customer dines directly at the
restaurant. In contrast, Fig. 1.2b illustrates an alternative where the customer picks
up the food from the restaurant and subsequently returns. Two types of delivery
services are highlighted: Fig. 1.2c represents in-house delivery managed directly by
the restaurant, while Fig. 1.2d demonstrates third-party logistics provided by an
external platform. Adapting a suitable delivery strategy for a certain scenario to
meet a specific target can reform the logistics system. The same concept of designing
and comparing delivery strategies underlies the EMS context.

Dispatch Systems: Dispatch centers are responsible for sending the appropriate

4 CHAPTER 1. INTRODUCTION



(a) Dining-in (b) Customer Pick-up

(c) In-house Delivery (d) Third-party Delivery

Figure 1.2: Graphs for Meal Service Options

EMS resources to emergency locations. They evaluate emergency calls and deter-
mine the best response (Peyravi et al., 2013). The assignment problem is assigning
adequate ambulances to patients based on their conditions (Drabecki et al., 2023),
when reassignment is redirecting an ambulance en route to one emergency to an-
other(Guigues et al., 2022). A well-functioning dispatch system ensures that EMS
units are sent quickly and efficiently, improving response times.

Overall, effective logistics in EMS—covering the placement of facilities, the suit-
ability of staff and resources, the choice of delivery methods, and the efficiency of
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dispatch systems—are all essential for ensuring timely care. Improving these logis-
tical aspects can lead to better use of resources and faster responses. With growing
demand for EMS, finding ways to improve these operations remains a critical focus
for policymakers and health service planners.

1.1.4 Transportation Engineering in EMS Logistics

Transportation engineering provides a practical and analytical foundation for im-
proving EMS. While the previous sections outlined how EMS operates and the chal-
lenges it faces, transportation research contributes tools to describe and optimize
the system’s spatial and temporal performance. During the past decade, meth-
ods originally developed for transport planning and logistics have been adapted to
medical emergency settings, linking the dynamics of the road network with patient
outcomes.

Many works have examined where to locate emergency resources. Facility location
models determine the placement of ambulance stations and emergency departments
to maximize coverage and reduce inequality in accessibility (Brotcorne et al., 2003).
Building on this, studies in vehicle routing and dispatching use dynamic optimisation
to shorten travel times and coordinate mixed fleets under uncertain demand (Pillac
et al., 2013). The idea of accessibility, long central to transport planning, has
also been extended to EMS to measure the population that can be reached within
clinically critical time limits (Mansourihanis et al., 2024).

Beyond these, demand forecasting models help anticipate call volumes and spatial-
temporal patterns using historical data, machine learning, and demographic pro-
jections (Altarawneh, 2023). Recent research in traffic flow modelling and network
reliability brings further realism by representing congestion, temporal variation and
road capacity when estimating response performance (Bimpou and Ferguson, 2020).
In parallel, simulation approaches such as agent-based and discrete-event models
make it possible to test dispatch and rendezvous strategies in complex, uncertain
environments (Cabrera et al., 2011; Lam et al.).

Emerging areas link EMS with resilience planning, intermodal integration, and real-
time sensing, showing the breadth of transportation perspectives applied to EMS
(Cimellaro et al., 2013). Together, these contributions show that transportation
engineering provides more than static optimisation—- it offers a coherent frame-
work for analysing EMS as a dynamic transport system. This framework underpins
the methodological approach adopted in the following chapters, where accessibility
modelling, spatial optimisation and simulation are combined to evaluate alternative
delivery strategies.
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1.2 Logistical Challenges in Optimizing EMS Sys-
tems

1.2.1 Evaluating EMS Delivery Models

The choice of delivery model in EMS significantly influences the overall effectiveness
and efficiency of emergency response systems. Traditional models often emphasize
transporting patients to centralized facilities equipped with specialized resources.
However, these models are frequently hindered by delays caused by travel distance,
limited resource availability, and traffic congestion.

Referring to the delivery strategy definition in Section 1.1.3, we can modify the
logistics strategy by changing the nodes and links. The alternative logistics strategy,
such as the rendezvous and pre-hospital strategies have the ability to reduce the delay
to advanced care. These models each come with their own logistical complexities,
as they attempt to balance the trade-offs between accessibility, patient outcomes,
and resource utilization.

Effective evaluation of these EMS delivery models requires detailed consideration of
patient catchment areas, travel times, and the capacity of each strategy to provide
timely care. The need to assess spatial and temporal factors makes the optimiza-
tion of these delivery models a critical challenge in EMS logistics. Transportation
engineering principles, such as accessibility metrics and travel time analysis, are vi-
tal in understanding and improving the performance of these diverse EMS delivery
strategies.

1.2.2 Strategic Resource Allocation in EMS System

One of the central challenges in optimizing EMS systems is the strategic allocation
of resources—primarily ambulances, medical personnel, and specialized equipment,
which we introduced as personnel and resources in Section 1.1.3. The geographic
distribution of these resources directly influences the system’s ability to respond to
emergencies within critical time windows. The complexities of urban environments,
with their high population densities and traffic congestion, contrast sharply with
rural areas, where low population densities and long distances create different logis-
tical problems Alanazy et al. (2019). The facility location planning part in Section
1.1.4 give us a direction to solve the problems.

Strategic resource allocation must consider not only static demand patterns but
also temporal fluctuations and unpredictable spikes in emergency incidents. Facility
location models such as the MCP provide frameworks for optimizing ambulance

CHAPTER 1. INTRODUCTION 7



station locations to maximize coverage and minimize response times. These models
must be adapted to account for the spatial distribution of demand and the variability
in emergency incident rates over time.

However, static models alone are insufficient for optimizing EMS logistics. The
highly dynamic nature of emergency demand requires the integration of predictive
analytics to adjust for peak periods, as well as real-time factors such as traffic
conditions and resource availability. By combining static optimization with dynamic
adjustments, EMS systems can achieve more effective resource distribution, ensuring
that high-priority cases are handled with minimal delay while maintaining sufficient
coverage for lower-priority emergencies. Spatial optimization, coupled with the use
of real-time data, can enhance EMS network performance across a wide range of
geographic and population settings.

1.2.3 Real-time Operations: Dispatching and Adaptation

The static optimization of facility locations and resource distribution provides a crit-
ical foundation for EMS logistics, but the real-time operation of dispatch systems is
where the practical challenges of EMS delivery manifest. Dispatching systems must
dynamically allocate resources in response to the immediate demands of emergency
incidents (Lam et al., 2015). This includes adjusting for geographic proximity, traf-
fic conditions, and the prioritization of high-severity cases. The complexity of this
task is particularly acute in multi-priority systems, where ambulances may need
to be reassigned mid-response to higher-priority emergencies, potentially delaying
lower-priority cases (Silva and Serra, 2008).

The challenge in EMS dispatching lies in balancing speed and accuracy. A system
that reacts too slowly may result in delayed care for critical patients, while an
overly reactive system may create inefficiencies by constantly reallocating resources
and disrupting coverage for non-critical incidents. Optimization algorithms, such as
those based on agent-based modeling or heuristic methods, have been developed to
manage this balance. These algorithms simulate a wide variety of demand scenarios,
helping to identify dispatching strategies that minimize delays for critical incidents
while maintaining overall system efficiency.

Technological advancements have also improved the operational capacity of EMS
systems by integrating real-time traffic data and Geographic Information Systems
(GIS). Real-time routing adjustments, based on current traffic patterns and incident
locations, allow ambulances to reach patients more quickly, particularly in congested
urban areas. However, despite these technological improvements, many EMS sys-
tems lack fully integrated platforms that link dispatching operations with real-time
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transportation data, creating opportunities for further research and development
in optimizing dynamic EMS operations (Aboueljinane et al., 2013). The modeling
and simulation methods mentioned in Section 1.1.4 could help us examine different
dispatching strategies.

1.3 Modeling and Simulation Framework in EMS
Operations

1.3.1 Static Optimization for Delivery Strategies

This section formalises EMS delivery strategies using static optimisation models
to provide a foundation for the analytical and simulation work that follows. The
use of static optimization models is central to solving long-term planning problems,
particularly in the context of EMS delivery strategies such as in-hospital, rendezvous,
and pre-hospital models. These models are essential for determining the optimal
locations for facilities and resources, such as ambulance stations and specialized care
centers, to minimize response times and maximize population coverage (Jánošíková
et al., 2021).

Facility Location Optimization: One of the most common static optimization
techniques used in EMS planning is the MCP or Maximal Covering Location Prob-
lem (MCLP). The model identifies the best locations for bases and facilities within
predefined clinical time limits—typically the threshold associated with patient sur-
vival in time-critical conditions such as OHCA (Coskun and Erol, 2010). Inte-
grating these clinical thresholds connects spatial optimisation directly with patient
outcomes.

Static optimization models are especially useful at the planning scale for long term
decision making. By optimizing the location of facilities based on real-world travel
data and population distributions, these models can ensure efficient resource alloca-
tion that accounts for spatial factors. At this scale, planners must also consider the
trade-off between dense urban demand and sparsely populated regions where travel
is faster but coverage is limited.

Application to Delivery Strategies: Delivery strategies in EMS, such as the
in-hospital, rendezvous, and pre-hospital models, each present unique challenges for
static optimization. For in-hospital models, the key challenge lies in ensuring that
specialized care facilities are accessible to the largest possible population within
critical time limits. The rendezvous model introduces an additional layer of com-
plexity, as it involves identifying optimal intermediate locations where specialized
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teams can meet patients for quicker interventions. Pre-hospital models, where ad-
vanced care is initiated at the scene, require a broader distribution of resources,
necessitating a more widespread network of ambulances equipped with specialized
medical technologies (Song et al., 2022).

By applying static optimization techniques to each of these strategies, EMS systems
can balance the trade-offs between resource availability, population coverage, and
response times. These models ensure that EMS providers can deliver care efficiently,
even in geographically diverse regions with varying infrastructure and demand pat-
terns.

1.3.2 Dynamic Simulation for Dispatching

While static optimization is vital for strategic planning, the real-time operation
of EMS systems demands dynamic simulation models that can handle the unpre-
dictability of emergency incidents. Dynamic simulation allows EMS systems to
adapt to real-time factors such as incident severity, vehicle availability, and traffic
conditions, which are critical for effective dispatching and resource management in
fast-paced environments (Wang et al., 2021).

A common approach to dynamic simulation in EMS is agent-based modeling (ABM),
where individual agents represent ambulances, emergency incidents, and other sys-
tem components (Aboueljinane et al., 2013). In this thesis, agents (vehicles, patients,
and facilities) follow rule-based behaviours under given dispatch policies. This struc-
ture captures coordination among simultaneous incidents while remaining consistent
with the operational logic of EMS systems.

ABM also enables the testing of different dispatch policies in various scenarios,
providing EMS operators with insights into how different strategies impact system
performance. For instance, in a multi-priority system, higher-priority emergencies
(e.g., cardiac arrests, trauma, stroke) may necessitate the diversion of ambulances
that were originally assigned to lower-priority incidents. By simulating these scenar-
ios, ABM allows EMS planners to evaluate the trade-offs between response times for
critical incidents and the potential delays for non-critical cases. This information
is invaluable for designing dispatch policies that maximize overall system efficiency
while ensuring that life-threatening emergencies are prioritized.

This approach highlights the operational adaptability of EMS systems—balancing
response to critical cases with sustained service availability across the network.
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1.4 Research Objectives

The primary aim of this thesis is to develop and evaluate advanced modeling and sim-
ulation frameworks for optimizing Emergency Medical Services (EMS) operations.
This research focuses on two key areas: static optimization for strategic planning of
delivery strategies and dynamic simulation for real-time dispatching and resource
allocation. The overarching goal is to improve the effectiveness and efficiency of
EMS systems, particularly in minimizing response times and maximizing patient
outcomes. The specific objectives of the research are as follows:

1. Optimize EMS Delivery Strategies Using Static Models

This objective focuses on developing and applying static optimization mod-
els to evaluate and enhance EMS delivery strategies, including in-hospital,
rendezvous, and pre-hospital models. Static optimization will be used to de-
termine the optimal location of resources such as ambulance stations and spe-
cialized care units to maximize coverage and minimize response times across
diverse geographic areas.

The model is performed on the existing network of hospitals and ambulance
bases across Greater Sydney.

• Develop static optimization models, including the MCP, to address facil-
ity location challenges in EMS systems.

• Evaluate the effectiveness of different EMS delivery strategies, such as
the rendezvous strategy, by optimizing the placement of intermediary
care units.

• Analyze how static optimization techniques can be applied to large-scale
metropolitan environments to ensure optimal access to emergency care.

2. Examine Algorithms for EMS Optimization

This objective focuses on examining algorithms that enhance EMS efficiency.
The aim is to improve decision-making in strategic planning decisions. The
optimisation problem compares Genetic algorithm and greedy algorithm with
the solver from Gurobi (Gurobi Optimization, LLC, 2023). The GA’s perfor-
mance is validated through repeated runs, and its setting details are discussed
in Chapter 4.

• Select algorithms suited to optimizing EMS resources and analyze their
strengths.

• Formulate adaptive algorithms that can incorporate technological inputs
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or have mathematical proofs in approximation.

• Implement the algorithms to solve specific problems and compare the
results between algorithms and existing problem solvers.

3. Improve Real-Time Dispatching Using Dynamic Simulation

This objective involves the application of dynamic simulation models to man-
age real-time operations in EMS, particularly focusing on dispatching policies
and vehicle reallocation in multi-priority systems. The goal is to develop sim-
ulation frameworks that can adapt to real-time conditions, such as incident
severity, traffic congestion, and vehicle availability.

• Use agent-based simulation models to simulate real-time EMS operations
to dispatch ambulances based on incident severity and proximity.

• Test and refine dynamic dispatch policies, including the reassignment of
ambulances in response to changing priorities, and assess their impact on
overall system efficiency and response times.

• Integrate real-world traffic data into dynamic simulation models to op-
timize dispatching decisions, reduce response times and improve patient
outcomes in complex traffic environments.

4. Analyze the Implications of Resource Allocation Decisions on EMS
System Performance

This objective focuses on understanding the broader implications of resource
allocation decisions within EMS systems, particularly how strategic and oper-
ational decisions influence system performance and patient outcomes.

• Analyze the performance of EMS systems under different resource allo-
cation strategies, including both static optimization and dynamic simu-
lation approaches.

• Assess the impact of geographic and temporal factors, such as population
density, traffic conditions, and incident frequency, on the effectiveness of
resource allocation.

• Provide recommendations for optimizing resource allocation in EMS sys-
tems to improve overall system responsiveness and ensure equitable ac-
cess to emergency care.
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Table 1.1: Technical Pathway

Chapter Stage Main Tasks Methods

3 Accessibility and
Logistics Strategy

Evaluate logistics
strategies by
analysing travel-time
and survival-time
relationships to
quantify spatial and
temporal
accessibility.

Accessibility
modelling using
fitted survival-time
functions as logistics
performance
indicators.

4 Facility Location Optimise the spatial
configuration of
emergency medical
facilities to improve
coverage and equity.

Mathematical
optimisation models
and heuristic solving
algorithms.

5 Dispatch Policy Assess dispatch and
rendezvous policies
to enhance
operational efficiency
and patient
outcomes.

Simulation-based
evaluation using
agent-based and
discrete-event
models.

In summary, this research aims to increase EMS system performance through im-
proving and optimizing logistics strategies. Table 1.1 summarizes the problems and
the using technologies. I enhance the performance of EMS systems with the integra-
tion of advanced static optimization and dynamic simulation models. By optimizing
delivery strategies, improving real-time dispatching, and incorporating cutting-edge
technologies, the research seeks to provide a comprehensive framework for improv-
ing EMS operations in complex network environments. The results of this study
will contribute to the development of more efficient, and responsive EMS systems,
ultimately improving patient outcomes and the quality of emergency care services.

1.5 Thesis Contributions

This thesis makes several significant contributions to the field of Emergency Medical
Services (EMS) logistics, focusing on the development of logistics strategies, facility
location optimization, and dynamic operational policies. The key contributions are
enumerated as follows:

1. Proposing Diverse EMS Logistics Strategies
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This research proposes and evaluates several logistics strategies tailored to
EMS operations. It compares the in-hospital, rendezvous, and pre-hospital
models, identifying strengths and weaknesses under different operational con-
ditions. These strategies provide EMS systems with practical tools to improve
response times and optimize resource allocation for various types of emergen-
cies. This contribution will be mainly proposed in Chapter 4.

2. Recasting the Facility Location Problem and Comparing Optimiza-
tion Algorithms

A significant contribution of this thesis is the reformulation of the facility lo-
cation problem to better suit EMS needs. By adapting the Maximal Covering
Problem (MCP) to the specific requirements of EMS resource allocation to
reflect the time dependence of patient outcomes, the research develops a more
applicable model for real-world settings. Furthermore, Chapter 3 compares
different algorithms for solving the adapted facility location problem, evaluat-
ing their performance and providing valuable insights into algorithm selection
based on EMS-specific operational goals.

3. Development of a Comprehensive Simulation Framework for EMS
Operations

This thesis develops a detailed simulation framework, which is introduced in
Chapter 5, that models EMS operations. The framework integrates static opti-
mization for long-term planning and dynamic simulation for real-time decision-
making. It enables the evaluation of dispatching policies, vehicle allocation,
and resource management, considering factors such as vehicle types, incident
types, and incident priorities.

4. Evaluation of Dispatching Policies Considering Vehicle Types, Inci-
dent Types, and Priorities

The research evaluates complex dispatching policies by taking into account
vehicle types, incident types, and priority levels. Through the simulation
framework, the thesis explores how dispatch policies can be optimized to
ensure prompt responses to critical incidents while balancing the needs of
lower-priority emergencies. Chapter 5 compares several rule-based assignment
policies, and the findings help design dispatch strategies that improve system
efficiency without compromising the quality of patient care.

5. Confirmation of the Effectiveness of Proposed Logistics Methods

The research confirms the effectiveness of the proposed logistics strategies
through testing and validation on real-world EMS data across Greater Syd-
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ney. The static optimization models, dynamic simulations, and algorithm com-
parisons demonstrate measurable improvements in EMS system performance,
including reduced response times and better resource distribution. The valida-
tion confirms that the proposed methods significantly enhance EMS operations
and improve patient outcomes.

This thesis synthesizes and extends core methodologies in EMS planning—facil-
ity location modeling, dynamic resource allocation, and multi-objective optimiza-
tion—into a unified framework that shifts the focus from merely meeting time
thresholds to maximally improving patient outcomes. By integrating accessibil-
ity, simulation, and advanced survival-based metrics, the research offers a holistic
blueprint for EMS policymakers to design more responsive, equitable, and outcome-
oriented emergency care networks.
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Chapter 2

Literature Review

Emergency Medical Services (EMS) are a critical component of healthcare systems
worldwide, providing immediate medical assistance to individuals experiencing acute
health emergencies. The primary objective of EMS is to deliver timely and effective
care to improve patient outcomes, especially in life-threatening situations where
minutes can make the difference between life and death (Blackwell and Kaufman,
2002).

2.1 Current Research Practices in EMS Logistics

Research on EMS logistics can be interpreted through a problem-dimension hierar-
chy that reflects the sequential nature of EMS decision-making (Reuter-Oppermann
et al., 2017). At the strategic level, studies examine the design of logistics struc-
tures through various delivery strategies that determine how patients, vehicles, and
facilities interact within the EMS system. The planning level focuses on facility
location, where spatial optimisation models are used to determine the placement of
resources and ensure adequate coverage to support the chosen strategy. The opera-
tional level concerns real-time dispatching, which defines how available vehicles are
allocated to incidents under dynamic demand and uncertain conditions. This hierar-
chical view highlights how EMS logistics research progresses from long-term system
design to spatial planning and operational control. The following sections discuss
representative studies at each level, focusing respectively on delivery strategies, fa-
cility location, and dispatching policies, which together capture the core problems
addressed in EMS logistics research.

2.1.1 Facility Location

The Purpose of Facility Location Problems
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The Facility Location Problem (FLP) is central to optimizing resource placement
in emergency logistics, with the overarching goal of ensuring timely and effective
responses to emergencies. The purpose of these models can generally be divided
into two main categories: resource minimization and coverage maximization (Wang
et al., 2021).

Resource minimization models, such as the Location Set Covering Problem (LSCP),
focus on determining the minimum number of facilities required to cover all demand
points. This approach is particularly useful for decision-makers aiming to mini-
mize the infrastructure required while maintaining service standards (Toregas et al.,
1971). On the other hand, coverage maximization models, such as the Maximal Cov-
ering Location Problem (MCLP) or Maximum Coverage Problem (MCP), aim to
maximize the population or demand points covered within a given set of resources.
These models are typically employed in scenarios where resources are limited, and
the goal is to optimize their use to cover as much demand as possible (Church and
ReVelle, 1974). More recent work extends these models, considering additional con-
straints like budget limitations and different service levels for diverse population
segments, enhancing their practical relevance in emergency logistics (Wang et al.,
2021). From the operational research (OR) perspective, they are single-objective
optimizations. On the other hand, there are many studies target on different multi-
objective functions (Chen and Lai, 2022; Naji et al., 2024; Wang et al., 2023).

Coverage-Based Classification

FLP models are often classified based on how they handle coverage, with a key
distinction between binary and gradual coverage models. Traditional binary coverage
models, such as the LSCP and MCP, operate on a strict threshold principle: a
demand point is fully covered if it falls within a specified distance from a facility,
and receives no coverage if it lies beyond this threshold (Church and ReVelle, 1974).
This all-or-nothing framework is appropriate for situations where service is either
entirely available or not available at all—such as a house being connected to water
mains.

In response to this limitation, Gradual Covering Location Problem (GCLP) models
allow for a more realistic depiction of service delivery. These models assign partial
coverage to demand points that are further away, with coverage progressively de-
clining as distance increases. Berman et al. (2003) were among the first to propose
a step function for modeling gradual coverage, providing a more nuanced framework
for real-world applications like emergency medical services or telecommunications.
This approach aligns with the accessibility framework of Hansen (1959), which has
been applied across diverse fields, and more recent research has refined it further,
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utilizing linear or non-linear decay functions to model varying levels of coverage
more accurately (Karatas and Eriskin, 2021). These gradual coverage models are
particularly valuable in applications where service quality diminishes over distance,
such as mobile phone signal strength or response time in emergency logistics.

2.1.2 Transportation Logistics

Transportation logistics are essential for efficiently managing EMS resources and en-
suring timely responses to critical emergencies. Several logistics strategies are used
to optimize the allocation and flow of these resources, including basic response,
multi-echelon logistics, rendezvous, and reverse logistics. Each strategy has its ad-
vantages and limitations, which can affect system performance depending on the
operational environment and the type of emergency.

Basic Response Strategy The basic response strategy is the simplest form of
EMS logistics, where ambulances are dispatched directly to an incident and return
to the station after completing their task (Dick, 2003). This approach works best
in smaller, low-demand environments, where response times can remain minimal
without needing more complex systems. However, it lacks flexibility for handling
high-demand situations or specialized services and can lead to inefficiencies if mul-
tiple incidents occur simultaneously.

Multi-Echelon Strategy The multi-echelon strategy introduces a decentralized
approach, where resources move through multiple layers or stages. For example,
vaccines may first be delivered to a central hub before being distributed to GP
clinics (Kar and Jenamani, 2024), or patients may be initially stabilized at smaller
clinics before being transferred to more specialized medical centers. This system
allows for more efficient resource allocation across larger geographic areas and can
handle both high demand and diverse service levels, so it is more often shown in
humanitarian or disaster logistics (Döyen et al., 2012; Lohrasbpoor et al., 2023).
Compared to the basic response, the multi-echelon strategy is more flexible but
requires careful coordination between layers to avoid delays.

Rendezvous Strategy The rendezvous strategy involves synchronizing the move-
ments of EMS units so that specialized equipment or personnel meet the primary
response team at an intermediate point (Parker et al., 2020). This is especially use-
ful when advanced care is needed during transport. While the basic response relies
on direct dispatch, the rendezvous strategy adds a layer of flexibility by allowing
for specialized care without having to return to a centralized station or hospital.
However, this requires precise coordination, which may be challenging in fast-paced,
time-sensitive environments.
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Reverse Logistics Reverse logistics is the practice of making return trips more
efficient by carrying additional tasks, such as waste removal or resource collection, on
the way back (Ribeiro et al., 2021). In contrast to the basic response strategy, where
vehicles typically return empty, reverse logistics ensures that no trip is wasted. This
strategy is especially useful for optimizing resource use in rural areas or after large-
scale medical deliveries, where materials (e.g., unused medical supplies or waste) can
be transported back to a central location (Qi et al., 2023; Zhu et al., 2024). Reverse
logistics increases operational efficiency but requires careful planning to align return
trips with new tasks.

Pre-Hospital Care Strategy The pre-hospital care strategy focuses on providing
life-saving treatments at the scene before transporting the patient to a hospital
(Dick, 2003). For critical emergencies, such as cardiac arrest, this approach offers a
significant survival advantage over the basic response, where treatment only begins
after the patient reaches a medical facility. By enabling EMS teams to perform
advanced medical procedures in the field, the pre-hospital strategy can reduce the
need for rapid hospital transport, making it a key element of advanced EMS systems.

Each logistics strategy offers unique benefits and limitations that affect system effi-
ciency, resource utilization, and patient outcomes. The basic response strategy, while
simple and effective in low-demand settings, can become inefficient in more complex
or high-demand environments. It provides no flexibility for specialized services or
incident escalation, unlike the multi-echelon strategy, which can better manage com-
plex resource distribution across multiple layers but requires high coordination to
avoid bottlenecks.

2.1.3 Dispatch Systems and Policies

Dispatch systems are the operational hubs of EMS logistics, responsible for receiving
emergency calls, assessing the nature of incidents, and coordinating the deployment
of resources. Traditional dispatch methods often rely on rule-based systems, where
dispatchers follow predefined protocols to assign resources based on incident type
and resource availability. For instance, studies by Amorim et al. (2018) demon-
strated that integrating spatial data into dispatch decisions enhances the accuracy
of travel time estimations and improves overall EMS performance.

Dispatch for Different Metrics

Time-based dispatch policies focus on minimizing response time to critical incidents,
particularly life-threatening emergencies where faster intervention can significantly
improve patient outcomes. Response times could be impacted by many factors
such as technological advancements, geographic influence, and humans (Alshammari
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et al., 2024). These systems typically prioritize high-severity incidents by utilizing
the closest idle vehicle policy, ensuring the quickest possible response. This ap-
proach is especially vital for conditions like cardiac arrest, where seconds can make
a critical difference. Most relevant research focuses on routing algorithms instead of
dispatch policies (Khoshgehbari et al., 2023; Rabbani et al., 2022; Sutherland and
Chakrabortty, 2023). Research by Nasrollahzadeh et al. (2018) shows that dynamic
dispatch policies could reduce response time for high-priority incidents by 30.6%,
while also improving system efficiency. The balance of location and dispatch for
response time should also be considered (Bélanger et al., 2020; Jánošíková et al.,
2021). Prioritizing response alone can result in resource saturation in high-demand
areas, leaving other regions underserved.

In addition to response time, equity-based dispatch policies aim to ensure fair and
equitable distribution of EMS services across different geographic regions, including
underserved rural areas. It is an important indicator of EMS to the society (Farcas
et al., 2024; Newton et al., 2021). McLay and Mayorga (2013) develops a model
for optimally dispatching distinguishable servers to prioritized customers in EMS
systems, incorporating four equity constraints. The study of Enayati et al. (2019)
also proposes a multicriteria optimization approach for EMS location and dispatch
decisions that addresses the trade-off between minimizing system-wide operational
cost and reducing disparities in regional service level. VK and Roy (2017) focus
on equitable workload distribution among ambulance crews to ensure fairness and
experience balance. These policies are often guided by geographic demand models
and socio-economic factors.

The effectiveness of emergency medical dispatch system can improve the survival
(Ageron et al., 2016), so medical output could be a straightforward metric. When
proposing new performance measures for EMS system design, McLay (2010) also
emphasize the need to focus on patient outcomes. Wajid and Nezamuddin (2022)
proposes a model to optimize ambulance utilization and maximize survival rates for
high-priority calls under uncertain travel times. Lim et al. (2011) finds that adopting
appropriate dispatch policies, such as reroute-enabled dispatch and free-ambulance
exploitation, can improve EMS performance.

Dispatch for Multi-Class Resources and Demands

EMS systems rely on a variety of resources, such as Basic Life Support (BLS) units
and Advanced Life Support (ALS) units, each serving different roles based on the
type and severity of emergencies (Sporer et al., 2007). The challenge is ensuring
that these multi-class resources are allocated efficiently. ALS units, for example,
should be reserved for severe cases, while BLS units handle lower-priority incidents
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to prevent resource depletion (Gamberini et al., 2021). Misallocating ALS units
can lead to shortages when they are needed for critical emergencies, making proper
resource balancing crucial.

Addressing multi-type demand—such as medical emergencies, basic healthcare, and
transportation spills—adds complexity. Each type of emergency requires specific
combinations of resources, and dispatch systems must adapt to ensure timely and
coordinated responses. Various models have been proposed to manage these chal-
lenges. Dynamic dispatch models, like the one developed by Gendreau et al. (2001),
adjust resource allocation in real time based on fluctuating demand, ensuring that
multi-class resources are deployed optimally. Additionally, multi-objective optimiza-
tion approaches, such as the one proposed by Nasrollahzadeh et al. (2018), balance
equity and efficiency by ensuring fair resource distribution across regions while main-
taining rapid response times. These models help EMS systems adapt to the variabil-
ity in resources and emergency types, improving both response times and resource
utilization.

Dispatch Principles

Various dispatch principles guide EMS systems in making decisions on which vehicle
responds to an incident. These principles are designed to balance speed, resource
efficiency, and incident severity.

First-In, First-Out (FIFO) and Closest Dispatch: FIFO dispatch policies serve calls
in the order they are received, but they do not account for the urgency of incidents.
Lim et al. (2011) highlighted that FIFO dispatching often leads to inefficiencies,
especially in high-demand periods, as it does not prioritize more critical cases. The
closest-vehicle dispatch policy is more commonly used, but it can result in poor
preparedness for future calls when resources are not allocated considering future
demand.

Reroute-Enabled Dispatch: Rerouting ambulances to higher-priority incidents while
en route to lower-priority calls is a common strategy in modern EMS systems. Gen-
dreau et al. (2001) explored rerouting policies that allow for dynamic reassignment of
vehicles, improving system’s responsiveness to urgent calls while maintaining overall
response time.

Multi-Tier Dispatching: Many EMS systems operate on a tiered basis, where BLS
vehicles handle routine incidents and ALS vehicles are reserved for high-severity
calls. Boujemaa et al. (2020) found that tiered systems improve response times by
sparing ALS units for critical cases while allowing BLS units to handle most calls.
This approach not only improves sytem efficiency but also the output robustness
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(Boujemaa et al., 2018).

Priority-Based Dispatch: Priority-based dispatching systems such as the Advanced
Medical Priority Dispatch System and Criteria-Based Dispatch assign priority levels
to incidents based on urgency (Bandara et al., 2014). These systems ensure that
high-priority incidents receive immediate attention, even if it requires reallocating
resources en route to lower-priority incidents (Schmid, 2012). Lim et al. (2011)
showed that rerouting ambulances to more urgent calls can reduce response times
for critical cases, improving overall EMS performance.

Preparedness and Impact on Future Demands: Some dispatch strategies, such as
those proposed by Schmid (2012), consider not just the immediate response but also
the system’s preparedness to handle future incidents. These models seek to minimize
degradation in the system’s ability to respond to future calls by dispatching vehicles
in a way that preserves overall coverage and availability.

2.2 Gaps and Opportunities in EMS Logistics Re-
search

This section outlines the primary challenges in EMS logistics, including managing
demand variability, integrating complex resource types, bridging long-term planning
with real-time operations, ensuring accessibility and equity, and addressing limita-
tions of current delivery strategies.

2.2.1 Demand Variability and Complex Resource Types

One of the most pressing challenges in EMS logistics is managing demand vari-
ability, especially during unpredictable events like large-scale accidents, natural dis-
asters, or public health crises. Traditional EMS optimization models often rely
on static resource allocation, assuming stable demand conditions. However, dur-
ing high-demand periods, these models become inadequate, leading to delays in
emergency response times and inefficient resource utilization. For instance, Grot
(2024) highlighted that during extreme weather conditions or mass casualty events,
the limitations of static models become evident, resulting in strained resources and
compromised patient care.

To compound this issue, modern EMS systems deploy a variety of complex resource
types, including BLS ambulances, ALS response teams. Each resource type has dis-
tinct capabilities and operational constraints, which must be considered in resource
allocation decisions. While multi-tiered dispatch systems offer frameworks for co-

22 CHAPTER 2. LITERATURE REVIEW



ordinating different resource types, many existing models do not fully account for
these complexities.

Gap: There is a need for dynamic models that can adapt to fluctuating demand
and effectively integrate diverse resource types. Such models should account for the
stochastic nature of emergency incidents and the operational constraints of different
EMS assets.

2.2.2 Bridging Long-Term Planning with Real-Time Oper-
ations

Another significant challenge is the disconnection between long-term strategic plan-
ning and real-time operational needs. Long-term planning involves optimizing facil-
ity locations to maximize coverage and minimize response time. In contrast, real-
time operations demand immediate decision-making based on current conditions,
such as traffic congestion, resource availability, and incident severity.

Many EMS systems rely on static models for facility location and resource alloca-
tion, which are not equipped to adapt to the dynamic nature of emergencies. While
dynamic dispatch algorithms offer a promising solution, their implementation is of-
ten hindered by organizational inertia and technical barriers, such as integrating
real-time data into existing systems. The studies by Abou-Ali and Shouman (2004);
Borozdukhin et al. (2016) noted that static models follow fixed schedules, while
dynamic models adjust in real-time to system changes, improving adaptability and
performance. In flexible manufacturing, dynamic models are more efficient, handling
fluctuations and optimizing throughput better than static models. The system cal-
culates time-optimal routes for garbage collection trucks based on real-time data,
such as the fullness of garbage containers and current traffic conditions. This differs
from static systems where routes are predefined, leading to inefficiencies when con-
tainers are only partially filled. However, the paper by Ridler et al. (2022) includes
a case study demonstrating the use of a Julia (programming language) package for
Emergency Medical Services Simulation to optimize static ambulance deployment in
Auckland, New Zealand, with the objective of maximizing the number of emergency
calls reached within a target response time.

Gap: There is a need for research that bridge the gap between long-term planning
and real-time operations. These models should incorporate real-world data, pre-
dictive analytics, and dynamic dispatching to enhance operational flexibility and
responsiveness.
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2.2.3 Limitations of Current Delivery Strategies

Most EMS systems continue to rely on traditional delivery strategies, primarily
involving transporting patients from the scene of an emergency directly to a hospital.
While this approach is effective in many scenarios, it has limitations, particularly
in urban areas with high traffic congestion or in situations where rapid advanced
medical intervention is critical.

Alternative strategies, such as the rendezvous model and pre-hospital care, are not
sufficient in the literature. The terms of rendezvous model and pre-hospital care are
all for field care currently not the definitive care (Reuter-Oppermann et al., 2017).
The rendezvous model should involve coordinating different EMS units to meet at
predetermined locations, allowing specialized care to be provided en route to the
hospital. Pre-hospital care strategies focus on delivering advanced medical inter-
ventions for definitive care at the scene before transportation. Study by Dell’Amico
and Hadjidimitriou (2012) have highlighted the potential benefits of innovative de-
livery strategy but also note the lack of comprehensive models to optimize their
implementation.

Gap: There is a need for research that explores and optimizes alternative delivery
strategies. Developing models that evaluate the effectiveness of these strategies
under various conditions can lead to improved patient outcomes and more efficient
EMS operations.

2.3 Modeling Methods and Problem-Solving Tech-
niques

To overcome the complex challenges identified in Emergency Medical Services (EMS)
logistics—including managing demand variability, integrating complex resource types,
bridging long-term planning with real-time operations, ensuring accessibility and eq-
uity, and addressing limitations of current delivery strategies—advanced modeling
methods and problem-solving techniques are essential. This section explores vari-
ous modeling approaches designed to address these challenges, focusing on dynamic
facility location models, optimization algorithms, simulation techniques, and their
application to EMS delivery strategies.
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2.3.1 Facility Location Models for Alternative Delivery Strate-
gies

The MCP has long been utilized in EMS logistics to optimize facility locations,
aiming to maximize the population covered within a critical response time (Toregas
et al., 1971). Traditional MCP models, however, are static and fail to account for
performance for different distances, resource availability, and traffic conditions. This
limitation hinders the EMS system’s ability to respond effectively to emergencies,
particularly when the output is sensitive to distance or travel time.

To address the challenge of managing demand variability and integrating complex
resource types, the MCP can be enhanced through dynamic facility location models.
These models incorporate comprehensive data, such as demand patterns, traffic
congestion, and resource statuses, allowing for continuous adjustment of facility
locations and resource allocations.

By integrating comprehensive data, MCP models enable EMS systems to adapt
to different delivery strategies, ensuring that resources are positioned optimally to
meet different needs. This approach not only enhances converage but also improve
response times against demand surges and resource constraints.

2.3.2 Optimization Techniques: Greedy and Genetic Algo-
rithms

Effective resource allocation and dispatching in EMS logistics require optimization
methods capable of handling complex, multi-objective problems. Greedy algorithms
and genetic algorithms are two such techniques that can address these challenges.

Greedy algorithms make locally optimal choices at each step with the hope of finding
a global optimum. They are computationally efficient and useful for problems where
quick, approximate solutions are acceptable (Malik et al., 2018). In EMS logistics,
greedy algorithms can rapidly assign resources to incidents based on immediate cri-
teria like proximity and availability, which is beneficial in time-sensitive situations.
Marla et al. (2017) deploy a greedy algorithm for both static ambulance fleet allo-
cation and dynamic redeployment to maximize system service coverage. Erdemir
et al. (2010) utilize a greedy heuristic to simultaneously locate ground and air am-
bulances, along with landing zones, to maximize coverage based on both response
time and total service time.

However, greedy algorithms may not always yield the best overall solution, especially
when dealing with multiple constraints and objectives. Genetic algorithms, inspired
by the process of natural selection, offer a more robust approach by exploring a wider
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solution space through operations like selection, crossover, and mutation (Atta et al.,
2018). GAs are particularly effective in handling large scale problems, like FLP that
is NP-hard on compute solving complexity.

For example, Sasaki et al. (2010) predict EMS demand through 2050 based on demo-
graphic factors, using a modified grouping genetic algorithm to optimize ambulance
locations. Comber et al. (2011) present a modified grouping genetic algorithm ap-
plied to identify optimal ambulance locations, improving average EMS response
times by 1 minute 14 seconds, and evaluating the impact of varying ambulance
numbers at current and new locations using census areas as spatial units.

2.3.3 Simulation Approaches: Agent-Based Modeling (ABM)

Agent-based models (ABM) have been increasingly adopted in emergency medi-
cal services (EMS) to simulate complex, dynamic, and heterogeneous environments.
ABMs allow the detailed modeling of individual entities (agents) such as ambulances,
patients, and dispatch centers, capturing their interactions and decision-making pro-
cesses in a simulated environment. This makes them particularly suitable for EMS,
where multiple agents with different roles and objectives must coordinate in real-
time to optimize outcomes.

Hawe et al. (2015) highlighted that ABMs provide a natural way to simulate EMS
operations because they enable each agent (e.g., ambulance, patient) to be modeled
with individual behaviors and decision-making capabilities. The agents in these
simulations can interact with each other and their environment, which is crucial
for modeling real-world complexities such as traffic conditions, patient severity, and
dispatcher decision-making. The ability of agents to adapt their behaviors based
on changes in the environment makes ABMs particularly effective for EMS systems,
which operate in dynamic and uncertain settings.

Moreover, ABMs are used to test and evaluate different EMS strategies, such as
ambulance dispatching and resource allocation. For example, Wang et al. (2012)
developed an agent-based model to simulate the emergency response to a mass
casualty incident, focusing on the allocation of ambulances to incident sites. Their
results showed that ABMs could effectively evaluate the trade-offs between different
dispatching strategies, providing insights into how best to allocate resources in real-
time to maximize patient survival.

Coordination between different emergency responders, such as ambulances, hospi-
tals, and dispatch centers, is another area where ABMs excel. As noted by Hawe
et al. (2015), ABMs enable researchers to study the coordination between these
entities, helping to identify bottlenecks and inefficiencies in the system. This is
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particularly important in mass-casualty incidents (MCIs), where the effective coor-
dination of resources can significantly impact survival rates.

Additionally, ABMs provide the flexibility to simulate various scenarios, such as
changes in traffic conditions, availability of resources, and variations in patient sever-
ity, which traditional models like discrete event simulation and system dynamics
struggle to capture. Alotaibi and Ibrahim (2018) emphasized that ABMs allow the
simulation of realistic agent behaviors, such as ambulances rerouting based on traffic
or the severity of calls, making them a powerful tool for EMS system optimization.

In summary, ABMs offer a robust framework for simulating EMS operations, al-
lowing for the detailed modeling of individual agents and their interactions. This
enables the evaluation of different dispatching policies, resource allocation strategies,
and coordination mechanisms, ultimately helping to improve EMS performance in
real-world scenarios.

2.4 Conclusion

This literature review has explored the critical role of EMS within healthcare sys-
tems, emphasizing the necessity of efficient logistics to ensure timely medical re-
sponses during emergencies. The examination of current practices has provided
insights into various aspects of EMS logistics, including facility location, transporta-
tion logistics, and dispatch systems.

The analysis of facility location problems has underscored the importance of balanc-
ing resource minimization and coverage maximization, highlighting advancements in
gradual coverage models that offer more nuanced solutions to real-world challenges
(Church and ReVelle, 1974; Wang et al., 2021). Despite progress, many existing
models remain static, failing to address the dynamic nature of emergency demands,
which presents an ongoing challenge for EMS operations (Grot, 2024).

Transportation logistics strategies, including basic response, multi-echelon systems,
and pre-hospital care strategies, have demonstrated their effectiveness in improv-
ing response times and patient outcomes (Dick, 2003; Kar and Jenamani, 2024).
However, the limitations of traditional delivery strategies, particularly in urban
settings with high traffic congestion, necessitate further exploration of alternative
strategies, such as the rendezvous model and reverse logistics (Qi et al., 2023; Reuter-
Oppermann et al., 2017). These strategies hold promise for enhancing operational ef-
ficiency but lack comprehensive models for optimization in EMS contexts (Dell’Am-
ico and Hadjidimitriou, 2012).

Furthermore, the review of dispatch systems has revealed the significance of integrat-
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ing equity considerations and medical output metrics into performance measures.
Research by McLay (2010) emphasizes the need to focus on patient outcomes, while
studies on dynamic dispatch policies show potential improvements in efficiency (Lim
et al., 2011; Nasrollahzadeh et al., 2018). As EMS systems increasingly rely on di-
verse, multi-class resources, the challenge of optimizing resource allocation remains
pertinent (Gamberini et al., 2021). Dispatch principles that prioritize urgency and
preparedness must also adapt to the realities of fluctuating demand and resource
availability (Lim et al., 2011; Schmid, 2012).

Despite the advancements in EMS logistics research, notable gaps persist. The need
for dynamic models that bridge long-term planning with real-time operations is evi-
dent, as current static frameworks struggle to meet the complexities of modern EMS
demands (Abou-Ali and Shouman, 2004; Borozdukhin et al., 2016). Additionally,
the exploration of alternative delivery strategies is underdeveloped, with a clear
need for research that evaluates and optimizes these approaches in various scenarios
(Dell’Amico and Hadjidimitriou, 2012; Reuter-Oppermann et al., 2017).

In summary, while significant strides have been made in understanding and opti-
mizing EMS logistics, ongoing research is essential to address the identified gaps
and enhance the effectiveness of EMS systems. Future studies should focus on de-
veloping integrated, dynamic models that account for the variability of emergency
demands, ensuring efficient resource allocation and improving patient outcomes in
diverse contexts.
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Chapter 3

Alternate Delivery Strategies for
EMS

3.1 Introduction

Emergency medical services (EMS) remain a critical public concern due to their
direct impact on human lives. Advances in medical and clinical technology have
improved treatment outcomes across various conditions. However, due to the com-
plexity of interventions and the constraints of resource availability (Reynolds et al.,
2017), only a limited number of patients can access advanced treatments. From
a logistics perspective, optimizing resource allocation and utilization can enhance
both effectiveness and efficiency.

Developing effective logistics strategies is essential for EMS to deliver advanced
interventions within the critical early minutes of a severe incident. Out-of-hospital
cardiac arrest (OHCA) exemplifies the time-sensitive nature of medical emergencies,
where even slight delays in reaching advanced care can drastically reduce survival
rates (Bartos et al., 2018; Wengenmayer et al., 2017). Survival probabilities often
drop to less than 2% if treatment is not initiated within the critical one-hour window
(Reynolds et al., 2013).

In recent years, extracorporeal membrane oxygenation (ECMO) during cardiopul-
monary resuscitation—commonly known as ECPR—has been introduced to address
refractory cardiac arrest (Hadaya et al., 2020; Yannopoulos et al., 2020a). This ad-
vanced technique can significantly improve survival rates, provided ECMO flows are
established quickly to minimize “low-flow” duration (Richardson et al., 2021; Wen-
genmayer et al., 2017). Traditional in-hospital ECPR involves transporting patients
to specialized centers. While logistically straightforward, this approach often limits
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access to patients located close to such facilities.

This chapter utilizes transport accessibility and time-threshold methodologies (Wu
and Levinson, 2020) alongside empirical data—including travel times, historical
arrest locations, and population distributions—to evaluate how in-hospital, ren-
dezvous, and pre-hospital ECPR strategies differ in terms of coverage and predicted
outcomes. By emphasizing logistics and spatial planning, this chapter seeks to iden-
tify the delivery model that best expands timely access to advanced interventions.

3.2 Method

We defined three strategies for ECPR delivery for refractory OHCA within Sydney,
Australia and then applied transport accessibility metric analysis methods to de-
termine the effective patient catchment of each strategy. The tested strategies are
illustrated in Figure 3.1. The basic ambulance, which provides initial treatment and
patient transport, typically remains at the ambulance station. The ECMO team
operates an independent ambulance equipped with ECMO devices and staffed by
trained ECMO technicians.

In-hospital ECPR Figure 3.1a: The basic ambulance responds to the patient,
stabilises on-scene and transports the patient to an ECPR-capable hospital. ECMO
cannulation and ECPR are delivered at the hospital. This delivery strategy is the
status quo in most places. Assuming that time of arrest coincides with time of
call, arrest to flow time is the sum of response time, on-scene time, travel time and
cannulation time.

Rendezvous ECPR Figure 3.1b: The patient is attended by an ambulance and
stabilised on-scene then transferred to an emergency department, which may not
be ECPR-capable, in order to rendezvous with the ECPR team. The rendezvous
hospital is selected based on minimisation of the greater of: ECMO team travel
time to the rendezvous hospital equals to the sum of paramedic response time,
on-scene time and travel time to rendezvous hospital. Arrest to flow time is the
sum of the maximum of these two intervals plus cannulation time. The ECPR
team rendezvous with the patient at that hospital, establishes ECMO support and
transfers the patient on ECMO to an intensive care unit for definitive treatment.
Modelling assumes the ECPR team is notified of the OHCA at the time of the initial
cardiac arrest call and begins movement to the rendezvous hospital.

Pre-hospital ECPR Figure 3.1c: A pre-hospital ECMO team is dispatched
and ECMO cannulation and flow is completed at the scene of cardiac arrest, with
subsequent transfer of the patient back to an ECMO-capable hospital. Unlike the
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(a) In-hospital Strategy

(b) Rendezvous Strategy

(c) Pre-hospital Strategy

Figure 3.1: Three Types of Delivery Strategies

ECMO team in the Rendezvous ECPR strategy, this ECMO team uses a larger
van that allows paramedics to provide ECPR treatment directly at the patient’s
location. Modelling assumed that the pre-hospital ECPR team is dispatched at the
same time of the cardiac arrest emergency call. Arrest to flow time is calculated by:
response time + cannulation time.

CHAPTER 3. ALTERNATE DELIVERY STRATEGIES FOR EMS 31



The immediate activation point for the mobile ECMO teams in Rendezvous and
Pre-hospital ECPR of time of initial EMS call, was chosen for two reasons. First,
a number of current trials (Lamhaut et al., 2017; Marinaro et al., 2020; Petermichl
et al., 2021; Singer et al., 2020), currently utilise this approach. Secondly , previous
studies have reported that a majority of OHCA are recognised by emergency dis-
patchers between 50 s to approximately 2 min from the start of the call, (Berdowski
et al., 2009; Culley et al., 1991; Dami et al., 2015; Lewis et al., 2013). This justifies
the rapid dispatch of the ECMO team to patients suspected of eligibility for ECPR.

3.2.1 Transport accessibility metrics analyses

The comparison of the three cardiac arrest strategies was addressed using trans-
port accessibility metrics (Wu and Levinson, 2020), as shown in Table 3.1. In this
approach, the study area is divided into zones with a known number of potential pa-
tients, ni. ECPR facilities (in-hospital, rendezvous, or pre-hospital) can be allocated
to each zone, and yj represents the number of facilities in zone j. Usually, yj would
be zero or one. The ability of a patient in zone i to access the ECPR facilities in
zone j requires knowledge of the complete travel time matrix, tij. Since the success
of ECPR in zone i depends on the time from arrest to ECMO flow, Ti, the travel
time is added to other relevant time intervals for each ECPR delivery strategy. The
components are defined as:

Table 3.1: Components of the time from arrest to ECMO flow under each ECPR
delivery strategy. In the rendezvous strategy, the patient and the ECPR team meet
at an intermediate location k, where yk = 1 indicates that zone k contains a suitable
emergency department. The patient is in zone i and accessing ECPR locates in zone
j. The bottom row shows the total time from arrest to flow.

Component In-hospital Rendezvous Pre-hospital
Ambulance to patient thi thi tji
On-scene and loading ts ts –
Ambulance to hospital tij tik –
ECMO team to hospital – tjk –
Cannulation tc tc tc
Arrest to flow time, Ti min(thi + ts + tij + tc) min

j,yj 6=0
min
k,yk 6=0

(max(thi + ts + tik) + Tc) min
h,yh 6=0

(tji + tc + tp)

Response time (thi): The time from the location of the ambulance in zone h to
the location of the patient in zone i. This is the time between the call to emergency
medical services (EMS) and the arrival of EMS paramedics at the scene of cardiac
arrest. For pre-hospital ECPR, the response time is from the location of the mobile
ECMO unit in zone j (tji).

On-scene time (ts): The time interval between the arrival of paramedics on scene
and patient departure to the hospital, including patient access, treatment, and ex-
trication.
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Travel time: The transfer time from the location of the cardiac arrest to the
ECPR-capable hospital (tij for in-hospital ECPR) or to an intermediate emergency
department (tik for rendezvous ECPR).

Cannulation time (tc): The time from the arrival of the ECPR team at the patient
to the establishment of ECMO flows.

Penalty time (tp): The additional time required for the pre-hospital ECPR team
to establish ECMO flow at the patient location, relative to in-hospital cannulation.

For an arrest occurring in zone i with ECPR facilities in zone j and a suitable
emergency department in zone k, this interval is the minimum across all facilities of
the sum of the time components, as shown in Table 3.1.

3.2.2 Determining population coverage by ECPR strategy

To reflect the golden hour cut-off of eligibility (Marini et al., 2024), the time from
arrest to ECMO flow for patients in zone i, Ti, is compared to the threshold τ = 60

and that zone is indicated to be either above or below the threshold with a binary
variable:

bi =

1, if Ti ≤ τ

0, if Ti > τ
(3.1)

If a zone is covered by any facility (i.e., bi = 1), then the potential patients in that
zone, ni contribute to the total coverage, Ac:

Ac =
N∑
i=1

nibi (3.2)

Higher values of Ac indicate that the strategy or ECPR-facility location offers an
advantage in the number of potential patients that can receive ECPR.

3.2.3 Survival benefit modelling

Patients who are commenced on ECMO flow earlier after arrest are more likely to
survive (Bartos et al., 2020a; Wengenmayer et al., 2017), therefore we supplemented
the population coverage metric with another measure that weights each covered
patient by their probability of survival. Probability of survival in zone i, pi, ranges
from 0 to 1, and is estimated by evaluating a decreasing survival function at Ti. As
defines the population-weighted survival probability below.
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As =
1∑N

i=1 ni

N∑
i=1

nipi (3.3)

For estimating population-weighted survival probability, we modelled the relation-
ship between survival probability and resuscitation time using the aggregated data
reported by Bartos et al. (2020b). The average survival outcomes from that paper
are fitted with a logistic curve with time to resuscitation (low-flow time) as the
only predictor using the statsmodels package in Python. Based on the principle of
selecting the best-performing strategy at each location, the survival probability pi

at meshblock i is defined as:

pi = max
m

sm(Tm
i ) (3.4)

where sm(·) is the survival function for method m and Tm
i is the total time to ECMO

flow at location i using method m. This ensures that the population, ni, at each
location is attributed the highest survival probability achievable from all available
ECPR strategies, based on the corresponding total response and treatment times.
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Figure 3.2: Fitted logistic survival rate functions for ECPR (Bartos et al., 2020b)
and conventional cardio-pulmonary resuscitation (CCPR) using data from the Amio-
darone, Lidocaine or Placebo study (ALPS) (Kudenchuk et al., 2017)

The survival rate is the logistic fit to the data shown in Figure 3.2. Newton’s
method and a 95% confidence level is used in the regression. The survival rate
function of ECPR is s(T ) = 1/(1 + e−(2.6004−0.0571∗t)), while CCPR is s(T ) = 1/(1 +

e−(1.5635−0.1191∗t)). P-values of all parameters are less than 0.0005.
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Unlike the coverage metric, the population weight survival probability varies from
0 to 1 and gives the overall probability of survival for ECPR-eligible arrests in each
delivery scenario. Therefore, it can distinguish between two strategies that reach
the same number of potential patients, but one reaches them faster and provides
better survival outcomes. Furthermore, the population-weighted survival probability
allows us to relax the 60 min threshold and quantify the benefit to patients who sit
just outside this coverage boundary.

3.2.4 Modelling location and data levels

Modelling was completed for Greater Metropolitan Sydney, Australia with a 2016
census population of 4.8 million and an area of 12,368 km2. Hospital-based ECPR
services exist at 5 hospitals (Figure 3.3), and rendezvous and pre-hospital ECPR
were not offered within Sydney at the start of the modeling. The analysis zones
are Greater Sydney’s approximately 58,000 meshblocks, the finest spatial resolu-
tion available in the Australian census data (Australian Bureau of Statistics, 2017).
Patients are assumed to be distributed proportionately to the meshblock resident
populations from the 2016 census counts. Historical cardiac arrest cases (NSW Am-
bulance, 2019) from 2017 to mid-2021 aggregated to the statistical area level 2 were
used to calculate localised ambulance response times. The distribution of on-scene
treatment times for CCPR were obtained from the NSW OHCA registry (NSW
Ambulance, 2019). Meshblock-to-meshblock travel times on the road network were
calculated from Compass IoT’s connected vehicle data averaging speeds for every
link in the Sydney network from one week in November 2019. Travel times were
validated against realised ambulance travel times from the cardiac arrest registry
and shown to be consistent to within 2% (Figure 3.4). These data comprise the
necessary inputs for calculating Ac as described above.

Base case modelling for the status quo ECPR delivery strategy—Figure 3.5, sum-
marised in Table 3.1, uses locally-appropriate response times, a 27 min on-scene
treatment time, travel time to the nearest ECPR-capable hospital, and 15 min of
cannulation time. The on-scene treatment time of 27 min was chosen based on pub-
lished data (Belohlavek et al., 2022; Yannopoulos et al., 2020a) of expedited transfer
of patients from the scene, as until 2021, mechanical CPR devices were not available
in Sydney, NSW. Preliminary data from the recently completed EVIDENCE study
(ACTRN12621000668808), comparing expedited transfer to more extended on-scene
resuscitation, has reported a median on-scene time of 26 min in the expedited arm
in the study area.

Rendezvous modelling assumed that ECPR teams are located at the five current
hospitals but can mobilise to move to any of the 26 emergency departments in the
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Figure 3.3: Heatmap of Historical Incidents Distribution. The location of the five
current ECPR hospitals within Greater Sydney. The heatmap shows the spatial
distribution of 4.5 years of out-of-hospital cardiac arrests from the NSW Ambulance
OHCA registry.

study area. The time from arrest to treatment includes the locally-appropriate re-
sponse time, 27 min on-scene time, travel time to the rendezvous hospital emergency
department, and 15 min of cannulation time.

The pre-hospital strategy assumes one optimally-positioned mobile ECPR team pro-
viding the minimum benefit of a pre-hospital ECPR service. The methodology for
identifying the optimal position is described below. The time from arrest to ECMO
flow is the sum of the travel time from the optimal location to the patient plus 22
min for cannulation, where the additional 7 min accounts for the difficult cannula-
tion context and has been based on published experience thus far (Lamhaut et al.,
2017).

Additional sensitivity analyses (Table 3.2 and Figures 3.8 to 3.12) included variation
of key variables to determine changes in the outcome. On-scene treatment was
tested at 22 min, 27 min, and 32 min to reflect aspirational, reported (Yannopoulos
et al., 2020a), and historical values (Dennis et al., 2022; NSW Ambulance, 2019)
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Figure 3.4: Validation of the Compass IoT travel times used to build the complete
travel time matrix tij against the ambulance travel times in the NSW OHCA registry.
As expected, the ambulance travel times show more variation. The red line shows
a fit indicating consistency within 2%.

respectively. Pre-hospital cannulation time was tested at 22 and 27 min to take into
account delays owing to the difficulty of the pre-hospital environment. Additional
mobile ECMO teams were also tested (Figure 3.12).

3.2.5 Optimal location for basing pre-hospital ECPR team

The optimal location for placement of a pre-hospital ECPR team was determined
by enumerating all possible locations, j, and identifying the one with the highest
population-weighted survival probability, As. One additional model was completed
assuming a mobile ECPR team located at an existing aeromedical base for practi-
cality regarding staffing and restocking—Figure 3.13.

Sensitivity of the timepoint of when mobile ECMO team is dispatched was also as-
sessed. The base case assumes activation of the pre-hospital team at time of EMS
call as described in methods above. Modelling was completed assuming the activa-
tion of the mobile ECMO team, two minutes after the arrival of the first ambulance
to allow for additional review of suitability for the pre-hospital ECPR—Figure 3.14.
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Figure 3.5: Survival rates subject to the current status quo of in-hospital ECPR
offered at 5 hospitals assuming local response times, 27 min on-scene time, and 15
min cannulation. Eligibility is subject to a one-hour threshold. Blue shades indicate
areas that are both within the 1 h threshold and offer higher survival from ECPR
than CCPR.

3.2.6 Population coverage of ECPR delivery strategies

A basic summary of the ECPR delivery strategies is shown in Table 3.2. Results are
quantified by three metrics: (1) the number of residents that can access ECPR and
establish ECMO flows within 1 h from arrest, (2) the population-weighted average
survival probability assuming a 1 h cut-off for eligibility and (3) the number of
expected survivors based on the area-wide incidence of ECPR-eligible OHCA (NSW
Ambulance, 2019).

Table 3.2: Summary of the performance of each delivery strategy. The two measures
are: (1) Population that has access to ECPR within 60 min (2) the average survival
probability assuming a threshold of 60 min from arrest to ECMO flow (NSW Am-
bulance, 2019)

Strategy Key model assumptions Paramedic
on-scene time
(mins)

Cannulation
time (mins)

Population able to
access ECPR < 1 h

Survival probabil-
ity across the city
(%)

In-hospital
ECPR

5 current ECPR capable hospitals 27 15 811,091 16.56

Rendezvous
ECPR

5 mobile teams leaving from cur-
rent ECPR capable hospitals

27 15 2,175,096 22.42

Pre-hospital
ECPR

1 mobile team + 5 current ECPR
capable hospitals

N/A 22 3,851,727 42.71

Additional sensitivity analyses assuming variations in length on-scene treatment and
pre-hospital cannulation times did not reveal significant changes in the coverage
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between the different ECPR delivery strategies—(Table 3.2).

3.2.7 Expected survival benefit

The expected survival benefit of different ECPR delivery strategies (blue and green)
versus background survival rates from CCPR (orange) are represented in Figures 3.5
to 3.7.

Figure 3.6: Survival rates subject to ECPR teams stationed at 5 hospitals using a
rendezvous strategy with local response times, 27 min on-scene time, 15 min cannu-
lation and a 1 h eligibility threshold. The lines connect each emergency department
(red dots) with the ECPR team (red crosses) that will provide ECPR. Because cov-
erage is limited by the on-scene time, the number of ECPR teams could be reduced
without increasing resuscitation time.

3.2.8 In-hospital ECPR

Due to the time taken for ambulance response, on-scene treatment, transfer and
cannulation, meshblocks that can reach in-hospital ECPR within 1 h are limited to
patients within approximately 10 min travel time to the five ECPR-capable hospi-
tals, hence only 17% of the population could be established on ECPR within an hour
of arrest. These patients, indicated by the blue area in Figure 3.5, have a higher
probability of survival compared to those outside the coverage area shown by the
lighter shade of orange compared to the shade of blue.

CHAPTER 3. ALTERNATE DELIVERY STRATEGIES FOR EMS 39



Figure 3.7: Survival rates subject to 1 pre-hospital ECPR team stationed at the
optimal location and supported by 5 ECPR facilities. Time to resuscitation is based
on the response time of the mobile team, cannulation time of 22 min to reflect the
challenging environment, and a 1 h eligibility threshold. The inset shows that pre-
hospital ECPR outperforms in-hospital ECPR at almost all locations.

3.2.9 Rendezvous strategy

The rendezvous delivery strategy—Figure 3.6 increases the spatial coverage of the
ECPR facilities when compared to in-hospital ECPR by decreasing the hospital
transfer time. This increased the population coverage to 2,175,096 and estimated
survival to 22.4%. As in the case of the in-hospital strategy, on-scene time limits
the coverage of rendezvous ECPR, and we observe discontinuous islands around the
emergency departments where ECPR can occur. In the rendezvous strategy, the
ECPR teams and patients move towards the emergency department (ED) simulta-
neously—whichever arrives last is the constraint on the coverage. The black lines
connecting the EDs to the ECPR teams show how many EDs can be reached by
the team, and the shaded area indicates the population that can receive rendezvous
ECPR. The discontinuity between the shaded areas indicates that the patients’ time-
line is limiting the coverage, so the same level of service might be achieved with fewer
ECPR teams because each team could travel further to an ED without impacting
the number of patients that could reach that ED.
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3.2.10 Pre-hospital ECPR

A single mobile ECPR team stationed at the optimal location, in addition to the
existing 5 ECPR facilities, increases the population coverage to 3,851,727 with a
potential weighted average survival rate increase to 42·7% as shown in Table 3.1
and Figure 3.7. This strategy substantially increases spatial coverage as well as
population coverage, by reducing the times to establish ECPR. As shown by the
dominance of green over blue, predicted survival from pre-hospital ECPR was higher
than in-hospital ECPR, unless the patient arrested adjacent to the hospital (see inset
of Figure 3.7).

Basing the pre-hospital ECPR team in the non-optimal location did result in small
areas where existing in-hospital ECPR provided additional coverage over pre-hospital
ECPR (Figure 3.13). When even more conservative assumptions are made e.g.,
delaying until the first ambulance arrives before activating the mobile pre-hospital
ECMO team (at 2 min after arrival), the pre-hospital coverage is marginally smaller—Ta-
ble 3.3 and Figure 3.14, with some small areas receiving better coverage from in-
hospital ECPR—Figure 3.14, and the effective population able to reach ECPR re-
ducing from 3,851,727 to 2,644,243 and a reduction in modelled survival of 14%.

3.2.11 Sensitivity Analysis

Table 3.3: Sensitivity Analysis for On-scene Time Variations. Each row repre-
sents a scenario (a strategy combined with timing assumptions). There are four
measures: (1) population coverage, (2) expected survivors, (3) population-weighted
survival probability with a 1-hour eligibility limit, and (4) population-weighted sur-
vival probability with no time limit.

St
ra

te
gy Key Model

Assumptions

Additional delay
from first ambulance
arrival to dispatching

the mobile team (mins)

Paramedic
On-scene

time (mins)

Cannulation
time (mins)

Population
able to access
ECPR within

1 hour

Expected
survivors

Survival probability
across the city

1 Hour No
Limit

In
-h

os
pi

ta
l

EC
PR

5 current
ECPR capable

hospitals
NA

22 15 1,572,036 42 20.74% 26.05%

27 15 811,091 34 16.56% 21.67%

32 15 276,671 29 14.14% 18.08%

R
en

de
zv

ou
s

EC
PR

5 mobile teams
leaving from

current ECPR
capable hospitals

0 22 15 3,496,950 63 31.23% 33.95%

0 27 15 2,175,096 46 22.42% 28.35%

2 27 15 2,134,042 45 22.15% 28.14%

0 32 15 691,430 32 15.60% 23.31%

Pr
e-

ho
sp

ita
l

EC
PR

5 mobile
teams

0 22 15 4,286,352 108 53.14% 53.62%

2 22 15 3,684,974 78 38.54% 40.24%

0 27 15 4,119,090 95 46.61% 47.49%

1 optimal mobile
team + 5 current
ECPR hospitals

0 22 15 3,851,727 87 42.71% 44.36%

2 22 15 2,644,243 58 28.58% 31.78%

0 27 15 3,358,611 73 36.11% 38.46%

1 alternative
mobile + 5

fixed

0 22 15 3,068,491 68 33.25% 35.94%

2 22 15 1,982,293 47 23.38% 27.33%

0 27 15 2,543,245 57 28.10% 31.54%
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Sensitivity Analysis – On-scene time variations The results presented above
assume a 27-min on-scene time for the in-hospital and rendezvous strategies, which is
consistent with published trials (Belohlavek et al., 2022; Yannopoulos et al., 2020a).
For the in-hospital strategy, the 16.6% population-weighted average survival proba-
bility associated with 27 min can be compared to 20.7% with an aspirational 22-min
on-scene treatment time or 14.1% with a 32-min on-scene treatment time that is
similar to typical values from the cardiac arrest registry (NSW Ambulance, 2019).
These differences are illustrated in Figures 3.8 and 3.9 for the in-hospital and ren-
dezvous strategies respectively.

(a) (b)

(c)

Figure 3.8: Sensitivity to the On-Scene Time for the In-Hospital Strategy. As the
on-scene time increases from 22 min (a) to 27 min (b) to 32 min (c), the coverage
area diminishes. Both the coverage and the population weighted survival rate (see
legends) are sensitive to the assumptions about on-scene time.
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(a) (b)

(c)

Figure 3.9: Sensitivity to the On-Scene Time for the Rendezvous Strategy. As the
on-scene time increases from 22 min (a) to 27 min (b) to 32 min (c), the coverage
area diminishes. Similar to the in-hospital strategy, the results are sensitive to the
assumptions about on-scene time. Moreover, the merging of the blue areas for the
22-min on-scene time indicates that for aspirational on-scene times, the rendezvous
strategy may start to be constrained by the locations of the five mobile ECPR teams.

Sensitivity Analysis – Cannulation time variations The pre-hospital model
requires cannulation in an unpredictable context, which may involve moving the
patient. To address this challenge, the modelling assumes an additional seven min-
utes for cannulation compared to in-hospital cannulation (15 min). The pre-hospital
ECPR part of Table 3.3 presents comparisons between this extended cannulation
time (22 min) and an additional five minutes (27 min). The results are mapped in
Figure 3.10 below.
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(a)

(b)

Figure 3.10: Sensitivity to the assumptions around cannulation time for pre-hospital
ECPR. The extended cannulation time of 22 min (a) provides better coverage than
the more conservative 27 min cannulation time (b). However, the difference in
performance between these two cannulation times is smaller than the difference
between the strategies.

Sensitivity Analysis - Relaxing the 1-hour constraint for arrest to ECMO
flows Current guidelines suggests that ECPR should be initiated within 60 min
of cardiac arrest, which lends itself to the cumulative opportunities approach to
accessibility (Wachs and Kumagai, 1973). Even when the resuscitation time exceeds
1 hour, the survival rate of cardiac arrest patients is not zero with ECPR (Scquizzato
et al., 2022). Moreover, the time decay of survival with resuscitation time suggests
that, even within the coverage area, patients further from ECPR facilities should
be weighted proportionally to their probability of survival. Relaxing the eligibility
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threshold will increase the number of patients that can receive ECPR but it will
lower the average survival rate of ECPR patients by including more remote patients
with low survival rates who would otherwise have received CCPR.

Sensitivity Analysis – Relaxing the 1-hour Constraint

Figure 3.11: Part a – In-Hospital Strategy

Comparing the left and right of Figure 3.11, relaxing the one-hour time limit offers
improved survival probability to large areas in all three strategies. Notably, the dis-
continuous areas merge together when there is no time threshold for eligibility—this
removes inequitable edge effects caused by a firm coverage boundary. The improve-
ment is strongest in the rendezvous case where the relaxation allows the addition of
three EDs and surrounding catchments. Comparing the population-weighted sur-
vival probability (see legends), the relaxation of the 60-min limit has only a small
impact because the additional coverage areas tend to have low population and only
marginally improved expected outcomes from ECPR compared to CCPR. Indeed,
some areas which are far away from ECPR facilities still show higher survival with
CCPR because ambulance response is fast—in these regions, reducing ambulance
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Figure 3.11: Part b – Rendezvous Strategy

Figure 3.11: Part c – Pre-Hospital Strategy

response time may be more effective than expanding ECPR coverage. Further evi-
dence is needed to explore how relaxing the 60-min cut-off might improve the overall

46 CHAPTER 3. ALTERNATE DELIVERY STRATEGIES FOR EMS



Figure 3.11: Comparison of the Strategies without the 60-Min Cut-Off. The coverage
area is reduced substantially in the in-hospital (a), rendezvous (b) and pre-hospital
(c) models when you impose the threshold (left) compared to when there is no
limit (right). In the no-limit cases, the green and blue shading indicates areas
where ECPR at the relevant time offers an improvement over CCPR (orange). The
population-weighted survival rate (see legends) shows that the additional areas tend
to be low population with marginal improvement over CCPR, so the increase in
average survival rate is small.

survival and where CCPR treatment is advantageous to patients. This will depend
on whether ECPR teams are unavailable e.g., serving one patient will come at the
expense of another, or if the system has significant redundancy. In this analysis we
assume ECPR resources and personnel are unconstrained.

Sensitivity Analysis - Number of pre-hospital teams The number of pre-
hospital ECPR teams has a substantial impact on system performance. As illus-
trated in Figure 3.12, deploying five pre-hospital teams—each based at an exist-
ing ECPR hospital—significantly increases the coverage area compared to the in-
hospital strategy using the same five locations. Survival probabilities in densely
populated areas are also improved, as patients receive ECMO flow more rapidly due
to the reduced response times provided by mobile teams. These results highlight
the operational advantage of delivering ECPR to the patient, rather than relying on
transport to fixed facilities.

Sensitivity Analysis - Location of pre-hospital team In the pre-hospital strat-
egy illustrated in Figure 3.13 the pre-hospital team waits for patients at the optimal
location (left image). This location is identified by enumerating all possible loca-
tions, calculating the population-weighted survival probability and choosing the one
with the best outcome. This identified a base in the vicinity of the suburb of Home-
bush as the optimal location. To understand the sensitivity to the location a second
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(a)

(b)

Figure 3.12: 1-hr coverage from five in-hospital ECPR facilities (a) compared to
five pre-hospital ECPR teams at the same locations (b). Bringing ECPR to the
patient instead of bringing the patient to ECPR dramatically expands the number
of potential patients and the expected survival rate. The bottom maps shows that
many of the most populous areas have survival probability of nearly 85% as time to
ECMO flow times are substantially shorter.

location where the mobile ECPR team is located at an existing major aeromedical
base (right picture) is provided.

The reduced spatial coverage and population-weighted survival rate show that the
results are sensitive to the specific location of the ECPR team. Additionally, under
the alternative location, the most populous areas of the metropolitan region have
better expected outcomes from in-hospital ECPR than pre-hospital ECPR. In the
bottom map of Figure 3.13, CCPR, in-hospital ECPR or pre-hospital ECPR are all
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(a)

(b)

Figure 3.13: Pre-hospital ECPR coverage with the optimal location for the mobile
team (a) compared to another location supported by historical and logistical reasons
(b). Although the pre-hospital teams are nearby on the scale of the map, the
non-optimal location has less spatial coverage and 10% lower population-weighted
survival probability. Moreover, with this location, some areas have been survival
probability from in-hospital ECPR (blue) because the response time from the single
pre-hospital unit is so long.

used depending on the location and timings of the case. This may have implications
for maintaining clinical exposure and equity of care.

Sensitivity Analysis – Dispatching the mobile ECMO team after initial
ambulance arrival In our baseline model for the rendezvous and pre-hospital
strategies, we assume the mobile ECMO team is dispatched at the time of the
call. A more conservative, alternate, approach suggests that the dispatch is delayed
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until a responding ambulance assesses the patient and determines ECPR eligibility.
This is assumed in the model to occur after 2 minutes to allow for brief additional
assessment of ECPR eligibility. Delaying pre-hospital ECPR activation until arrival
of the first ambulance on scene and initial assessment has important implications for
how successful the alternative strategies will be because delaying dispatch decreases
probability of patient survival, but does decrease the “false ECPR call outs”.

A delayed dispatch, owing to waiting for the initial ambulance to arrive and assess
the patient before activation of the pre-hospital team causes an increase low flow
time. This is reflected in lower coverage populations, survival probabilities and
expected survivors as detailed in Table 3.3 and Figure 3.14 below. The reduced
coverage areas result in in-hospital ECPR being competitive in some areas, which
has implications for the resourcing of the best ECPR strategy. The maps shown in
Figure 3.14 show that waiting for the responding ambulance to assess the patient will
result in a decrease in the modelled survival probability of ECMO-eligible patients
of 14%.

3.3 Discussion

This chapter employs transport accessibility frameworks to demonstrate how the
choice of delivery strategy in logistics profoundly affects the performance of emer-
gency medical services (EMS). In-hospital ECPR serves as the foundational model,
but its geographic reach is limited, as many areas fall outside feasible transfer times.
Despite these limitations, in-hospital ECPR contributes to improved survival rates
due to its established efficacy in managing cardiac arrest. Alternative strategies,
such as the rendezvous and pre-hospital models, significantly enhance accessibility,
enabling a greater proportion of the urban population to receive care within the
critical 60-minute window. Notably, the pre-hospital strategy exhibits the most
pronounced benefits.

These findings affirm core principles in transportation and logistics: a customized
delivery strategy can enhance service capacity, provided resource constraints are
addressed. The rendezvous model reduces the overall time to advanced care by
dividing the journey between the patient and the ECMO team. The pre-hospital
model extends this concept by effectively “relocating” the advanced facility to the
patient’s location. However, scaling these alternative models requires meticulous
planning, inter-agency coordination, and substantial resource investments, including
specialized vehicles, trained personnel, and well-defined operational protocols.

Furthermore, the results underscore the necessity of incorporating local contextual
factors—such as traffic patterns, road infrastructure, and population density—into
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(a)

(b)

Figure 3.14: Comparison of pre-hospital ECPR coverage when the mobile team is
dispatched immediately versus 2 minutes after the ambulance arrives. Some blue
(figure 9 b) areas appear showing that in-hospital ECPR becomes relevant in this
more conservative policy.

ECPR strategy development. In certain regions, a rendezvous system may be suf-
ficient to meet demand with fewer mobile teams, while in others, a comprehensive
pre-hospital program may be essential to reach the majority of patients. These con-
textual considerations are pivotal for optimizing resource allocation and ensuring
equitable access to advanced interventions across diverse settings.
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Chapter 4

Optimizing Access to Medical
Resources Through Spatial
Modeling

4.1 Introduction

This chapter presents methods for optimising the location of medical facilities to
provide more benefits to residents. Building upon past work of Facility Location
Problems and accessibility measures, we propose a rendezvous strategy to extend
the coverage of facilities and use a survival rate function as the impedance of ac-
cessibility. This chapter further develops a problem-specific model that links facil-
ity configuration with survival-based accessibility and spatial equity, providing new
insights into how location decisions influence the performance of the rendezvous
strategy in EMS. The details of the methodology will be explained in Section 4.2.
Section 4.3 introduces a test case of ECPR cardiac arrest care in New South Wales
Australia, and the results stemming from this application will be analyzed in Sec-
tion 4.4. The implications for emergency logistics and healthcare planning will be
discussed in Section 4.5.

4.2 Methodology

In this study, we propose a rendezvous strategy to increase the coverage of emergency
health care facilities. Because the patient distribution is not homogeneous and
the survival rate depends on the interval between the incident and treatment, the
objective function in the MCP will be represented by accessibility downweighted by
patient survival expectation.
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4.2.1 Rendezvous Strategy

This problem overall aims to optimise the benefit of a resource-constrained health-
care service with limited equipment and personnel. The baseline scenario is to use
ambulances to transfer patients from the scene of the incident to elite hospitals for
treatment. In the proposed rendezvous model, a mobile ECPR team consists of
trained clinicians capable of providing extracorporeal resuscitation outside hospital
facilities. These teams travel in dedicated ambulances that carry portable ECMO
equipment or can be transported to a meeting point by other emergency vehicles
when required. To make better use of these scarce resources, the mobile team
and its equipment can be mobilised to meet patients at an intermediate emergency
department. The patient and the mobile team converge at the rendezvous point,
where advanced life-support procedures are initiated before definitive transfer to an
intensive care unit. Depending on operational feasibility, such rendezvous points
may include general emergency departments, ambulance bases, or other predefined
meeting sites within the service network. This arrangement shortens the time be-
tween the patient departing the scene and receiving treatment without increasing
the number of personnel or equipment. The strategy is illustrated in a schematic in
Figure 4.1.

Figure 4.1: Schematic diagram of delivery strategy. (a) In the baseline strategy, only
the elite emergency departments provide the service and the catchment is limited
to a single black circle. (b) In the rendezvous strategy, the general EDs could also
support treatment at a rendezvous point which increases the size of the catchment
of each mobile team. (c) The mobile teams can also be on standby at non-resourced
locations (i.e. an ambulance base), in which case they can only support other EDs.
The total coverage area increases from (a) to (b) to (c).

CHAPTER 4. OPTIMIZING ACCESS TO MEDICAL RESOURCES
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4.2.2 Generalized Maximum Coverage Model

In general, MCPs maximise the coverage of a facility, whereas a weighted MCP
places different values on each area, for example, valuing coverage of some areas
more than others. In this methodology, the weight parameter will be generalized
to an impedance function of patient survival rate. Compared to a general Facility
Location Problem, we constrain the potential rendezvous points to the subset of
locations with existing emergency departments and more specifically, those that are
within the coverage of the mobile teams.

There are some assumptions for this model.

• Patients will experience a baseline survival expectation associated with their
location regardless of whether they are within the coverage area.

• This research is on planning scale, so the travel times are assumed static.

• Optional facility locations and rendezvous locations are emergency depart-
ments or ambulance bases only, so they are finite.

• Under the rendezvous strategy for a specific patient location and facility lo-
cation, the patient could be served by multiple viable rendezvous locations.
Treatment can only occur when both the patient and the mobile team arrive
at the same location. Hence, in the assumption, the patient will be taken
to the best rendezvous point, which is represented by the maximum survival
(i.e. minimum travel time) associated with the larger of a) the time for the
personnel and equipment travelling to the rendezvous point and b) the patient
travelling to the rendezvous point.

• The patients’ survival probability is monotonically decreasing with time.

In the following exposition, various variables and parameters have been introduced
to streamline the analysis. To begin, I symbolizes the set of demand locations with
i representing the specific location in the location set. The collection of potential
rendezvous locations that may be activated by the supply or equipment site is de-
noted as J , while j serves as their corresponding elements. For the positions where
the supply or equipment might be allocated, the term K is employed. The element
of these optional supply or equipment locations K is represented by k.

The binary variable xi is deemed to be 1 if any rendezvous location j falls within the
expected threshold r of location i, otherwise it stands at 0. Similarly, yj, another
binary variable, equals 1 when the rendezvous location j is within the expected
threshold r of any supply location k. zk is a binary variable that equals 1 only if
there is supply or equipment allocated at site k.
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Furthermore, si(z,y, xi) is utilized to denote the survival rate of patients situated
at location i. It takes the greater value of the baseline survival from conventional
treatment at that location (s′i) and the survival resulting from the equipment at k

and rendezvous locations at j. f describes the monotonically decreasing survival
function. The variable ni expresses the number of patients at location i. tij and
tkj indicate the total time from the patient location i and the supply/equipment
location k to the rendezvous location j, respectively. p represents the total count of
equipment or teams.

Although xi and y are defined as variables in the formulation, they are not inde-
pendent decision variables; their values are logically determined by the coverage
constraints, whereas z represents the true decision variable optimized in the model.

Reflecting these requirements for the alternative delivery strategy, the facility loca-
tion optimisation is formulated as:

max
z,y,x

∑
i∈U

si(z,y, xi)ni (4.1a)

s.t.
∑

k∈K
zk ≤ p (4.1b)∑

j∈J : tij≤r
yj ≥ xi∀ i ∈ I, (4.1c)∑

k∈K: tkj≤r
zk ≥ yj∀ j ∈ J, (4.1d)

si(z,y, xi) = max(s′i, f(min
j,k

(max(tij, tkj)))xiyjzk) (4.1e)

xi ∈ {0, 1} for ∀ i ∈ I (4.1f)

yj ∈ {0, 1} for ∀ j ∈ J (4.1g)

zk ∈ {0, 1} for ∀ k ∈ K (4.1h)

(4.1i)

I the set of demand locations
i the location in location set I

xi binary variable, equal to 1 if and only if rendezvous location j is within
the expected threshold r of location i

J the set of potential rendezvous locations that could be activated by
supply/equipment location

j the location in potential rendezvous location set J

yj binary variable, equal to 1 if and only if supply location k is in the
expected threshold

K the set of locations where the supply/equipment could be allocated
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k the location in optional supply/equipment location set K

zk binary variable, equal to 1 if and only if there is supply/equipment
allocated at site k

z the combination of a group of supply/equipment locations zk

ni the number of patients at location i

si the rendezvous survival rate of patients in location i

s′i the baseline survival rate of patients in location i

f the survival function associated with the rendezvous strategy
ti,j the total time from demand location i to arrival at rendezvous location

j

tk,j the total time from supply/equipment location k to arrival at ren-
dezvous location j

p the total number of equipment/teams
r the maximum threshold for coverage

This formulation is adapted from the maximal covering location problems of Ahmadi-
Javid et al. (2017) in order to accommodate constraints on the coverage of the
equipment as well as the coverage of the hospital as presented in the original. Eq.
(4.1a) presents the objective function that maximises the sum of the expected sur-
vival probability of each location weighted by the population at that location. The
first constraint is that the number of locations with equipment should be less than
or equal to the total number of equipment (Eq. (4.1b)). The second constraint
(Eq. (4.1c)) is if a patient location is covered then there must be at least one ED
within the travel time threshold. The third constraint (Eq. (4.1d)) is that if an
ED is covered then there must be at least one mobile team within the travel time
threshold.

In Eq. (4.1f), we define xi to be a binary variable indicating whether a patient
location, i is either served (1) or not served (0) by a rendezvous location. In Eq.
(4.1g) we define yj to be a binary variable indicating whether potential rendezvous
location j is either supported (1) or not supported (0) by a supply/equipment. In
Eq. (4.1h) we define binary variable zk to be a binary variable indicating whether a
facility location k is either allocated (1) or not allocated (0) a supply/equipment—
the set of zk are the fundamental decision variables of the facility location problem.

The impedance function, (4.1e), referenced as si in Eq. (4.1a), expresses how the
quality of the coverage degrades with time. If the function equals to 1 inside the
threshold r and 0 elsewhere, the formula will be a classic MCP. Setting the survival
rate function as the impedance function in Eq. (4.1a), it expresses a discrete gradual
coverage location problem or a special case of uncapacitated facility location model
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with zero fixed costs (Berman et al., 2010; Cornuéjols et al., 1983). Using both
the survival rate function and a threshold r, this formulation represents a maximal
survival problem using the rendezvous strategy.

Figure 4.2: Representation of the recasting of the Maximal Survival Problem (a) to
the Maximum Coverage Problem (b). Each dot is a person at location i showing
that additional facilities offers an incremental improvement in coverage within a
single location. In the MSP, each location i has layered expected survival from
multiple facilities. In the recasted problem, we have a simple MCP over a bigger
space because each location i is mapped to multiple subpopulations.

Notably, this formulation differs from a classic MCP with non-linear aspects in the
time-dependent impedance function. This time is also determined by the maximum
value between patient and equipment arrival at the rendezvous point. However, the
problem features limited optional facility locations and rendezvous points. And the
travel times should be static on planning scale. Hence, through some preprocessing,
it is feasible to recast the problem as a maximum coverage problem.

For a given facility location, all rendezvous points within the threshold can be set
as available. Subsequently, the survival probability of each demand location at each
rendezvous point can be computed. For a certain demand location, the maximum
of its survival probabilities at all rendezvous points is the survival rate at that
facility location. Multiplying this by the demand at that location yields the expected
survival count.

Figure 4.2(a) illustrates a scenario where the grey dots represent all demand at a
single location. Note that 100% of the patients experiencing x% survival is math-
ematically equivalent to x% of patients experiencing 100% survival (aka full cov-
erage). Facilities A, B, and C contribute survival rates of 16%, 48%, and 80% at
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this location, respectively. Since survival rates are not cumulative, the maximum
value is selected whenever multiple facilities are deployed. Through preprocessing,
this scenario can be transformed into the one depicted in Figure 4.2(b). The pre-
processing sorts survival rates at this demand location from low to high, then splits
the demand into several subelements based on the differences between adjacent val-
ues. For instance, Facility A only covers the demand of subelement a, Facility B
covers the demands of subelements a and b, while Facility C can cover all three
subelements a, b, and c. If Facility A is present, the addition of Facility B covers an
extra subelement b. However, if Facility C is already present, the addition of either
Facility A or B does not cover any new subelement.

Therefore, for limited facilities and rendezvous locations and static travel times, this
problem can be recast into a maximal coverage problem through the preprocessing
described above. The total preprocessing time complexity can be expressed as O(|I|·
|J |·|K|)+O(|I|·|K| log(|K|)). The first term, O(|I|·|J |·|K|), represents the survival
rate calculations for all demand nodes (i ∈ I), rendezvous locations (j ∈ J), and
equipment locations (k ∈ K). The second term, O(|I| · |K| log(|K|)), corresponds
to the sorting operations performed over the equipment number dimension for each
demand node. The overall preprocessing complexity is determined by the relative
sizes of |J | and log(|K|).

In this recast problem, we define Ĩ as the set of potential survival population groups,
where each group is indexed by ĩ and |Ĩ| = p · |I| are needed. For each group, a
binary variable x̃ĩ is associated, which equals to 1 if there exists at least one supply or
piece of equipment that can achieve the survival rate through a rendezvous location
within the expected threshold r of that group.

The supply or equipment can be allocated at different locations that constitute the
set K, with k denoting the index of these optional supply or equipment locations.
A binary variable zk is utilized, which equals 1 if and only if there is a supply or
equipment allocated at site k. The demand at location ĩ is represented by ñĩ.

In addition, t̃̃i,k is defined as the minimum of the maximum total time from demand
location ĩ to the rendezvous location and from supply or equipment location k to
the rendezvous location.

Lastly, p represents the total number of available supply or equipment, and r is the
maximum threshold that is available for coverage.

The transformed formula, which corresponds to a classic MCP, is shown as follows:
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max
∑

ĩ∈Ĩ
ñĩx̃ĩ (4.2a)

s.t.
∑

k∈K
zk ≤ p (4.2b)∑

k∈K;t̃̃i,k≤r̃
zk ≥ x̃ĩ; ĩ ∈ Ĩ (4.2c)

x̃ĩ ∈ {0, 1}, ĩ ∈ Ĩ (4.2d)

zk ∈ {0, 1}, k ∈ K. (4.2e)

Ĩ the set of potential survival population group
ĩ the index of potential survival population group Ĩ

x̃ĩ binary variable, equal to 1 if and only if there is at least one sup-
ply/equipment can achieve the survival rate via a rendezvous location
in the expected threshold r of group ĩ

K the set of locations where the supply/equipment could be allocated
k the index of the optional supply/equipment locations K

zk binary variable, equal to 1 if and only if there is supply/equipment
allocated at site k

ñĩ the demand at location i

t̃̃i,k the minimum of the maximum total time from demand location ĩ to ren-
dezvous location and from supply/equipment location k to rendezvous
location

p the total number of available supply/equipment
r the maximum available threshold

After recasting the problem, (4.2a) is the objective function to maximize survival
across the population. (4.2b) represents the limited number of equipment/teams.
(4.2c) is the coverage constraint— if the subpopulation in ĩ is covered (x̃ĩ = 1), the
total number of equipment zk within the threshold r should be at least 1. If not,
both zk and x̃ĩ should be 0 . Eq. (4.2d) represents a binary variable indicating
whether the location ĩ is served (1) or not served (0) via any rendezvous points.
Eq. (4.2e) represents a binary variable which indicates whether the optional facility
location k is allocated (1) or not allocated (0) equipment.

The equivalence of the maximal survival and maximal coverage problems demon-
strated in the recasting indicates that maximal survival problems can be solved with
the same algorithms and receive the same convenient guarantees from the heuristics
used for maximal coverage problems.
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4.2.3 Solution Approach

We solve the recast problem as a linear program using Gurobi. We also enumerate
the solutions to the original formulation to ensure their equivalence. Since recasting
the problem increases the size of the problem and MCPs have high time complexity
to find the optimal result, we consider approximate approaches. The greedy algo-
rithm works in polynomial time and guarantees a solution with an approximation
ratio of 1 − 1

e
(i.e. the solution will be at least ≈ 0.632 as good as the optimal).

Building on the recasting presented above, a greedy algorithm, shown in Algorithm
1, picks the facility location in each step that increases the population-weighted
average survival rate the most.

Data: ED list, potential location list, patient location list, equipment number
Result: equipment location list
Create an empty equipment location list;
Initialise temp survival rate number as zero;
Initialise equipment location as null;
while equipment location list less than equipment number do

Create a place holder to save temp equipment location
for each potential equipment location in potential location list do

Find all covered EDs for the equipment location;
Find all covered patient locations for these EDs;
Calculate population weighted average survival rate for all patient
locations;

if calculated survival rate larger than temp survival rate then
Update the temp survival rate and equipment location;

end
end
Add the temp equipment location to location list and remove it from
potential location list;

end
Algorithm 1: Greedy Algorithm

The result of the greedy algorithm is at least locally optimal with a minimum ap-
proximation guarantee. However, the process of greedy algorithm is deterministic
so that the result will never change unless the data or the algorithm itself changed.

In contrast, a heuristic such as a genetic algorithm introduces randomness to create
possibilities to jump out of a local optimum and converge to another. It may take
longer to get a result as good as that from the greedy algorithm but, it has potential
to improve the result.

In this case, the gene is the vector of locations for the equipment/team and each gene
produces a given survival rate. The crossover step in Algorithm 2 uses the times
that a facility location appears in two parent combinations as the weight to sample
the first generation gene of next generation combination without replacement, and
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Data: Iteration, Population, Crossover rate, Mutation rate
Result: Z, r
Initialise sets of facility locations;
while Optimal result changed or the maximum iteration is not met do

for each facility location combination in population do
Calculate average survival rate of metropolitan area;
Select combinations of locations with best survival rate;
Crossover between successful combinations of locations;
if There are identical sets of locations in the pool then

Mutation (Changing some locations randomly);
end

end
Assign best combinations of locations to be the new population;
Update the best average survival rate;
Increase iteration number by 1

end
r ← best average survival rate;
Z ← equipment locations that produce the best average survival rate

Algorithm 2: Genetic Algorithm

the rest as the gene of another next generation. In the mutation step, the activated
gene will replace an allocated location with a randomly selected other location. In
this study, we set the genetic algorithm crossover probability as 70% and mutation
rate as 5% (Yang, 2020).

4.3 Data and Experiment

The methodology described above is tested for the case of the deployment of ECPR
in Sydney, Australia. OHCA is a leading cause of death in adults who are other-
wise healthy (Benjamin et al., 2019). OHCAs are a primary motivation for funding
metropolitan ambulance services and a key aspect in the training of first responders.
Despite the logistical efforts related to these health emergencies, OHCAs have typi-
cal survival rates less than 12% (NSW Health, 2021). ECPR provides heart and lung
bypass while awaiting definitive treatment for OHCA (Lamhaut et al., 2017). Com-
pared to conventional cardiopulmonary resuscitation (CCPR) treatment, ECPR is
highly effective and less time sensitive (Bartos et al., 2020b). ECPR represents an
instance of a resource-limited facility location optimisation suitable for the maxi-
mal survival problem presented above. Due to specialised skill requirements and the
need for post-cannulation in-hospital intensive care, ECPR has been deployed in the
most advanced hospitals (for example, in 5 of the 26 hospitals with emergency de-
partments in Sydney, as of 2022). Therefore, these scarce facilities must be utilised
efficiently to maximise the benefit of ECPR. There are existing implementations of of
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pre-hospital ECPR (Lamhaut et al., 2017; Singer et al., 2018; Song et al., 2022) and
rendezvous ECPR (Bartos et al., 2020b; Yannopoulos et al., 2020b), so a mobilised
team/equipment strategy is both feasible and tested. The concurrent rendezvous
strategy described above is an accurate representation of emerging techniques in
OHCA care. Building on observed survival rate functions from recent trials, we can
compare the performance of rendezvous ECPR with the 12% baseline for OHCA.

The scope of the study is Sydney Greater Metropolitan Area with 4.8 million resi-
dents. Mesh blocks (MBs), the smallest census geographies defined in the Australia
Statistical Geography Standard, are considered as the basic spatial unit (Australian
Bureau of Statistics, 2017). i is the index of the MBs. Each location, including pa-
tients, emergency departments, and ambulance stations, is represented by the MB
in which it is located. They are equivalent to census tracts in North America and
there are 58,000 in Sydney. Patient coverage is based on resident location because
76% of OHCAs occur at a residence (Dyson, 2021). The number of ECPR teams is
informed by the status quo in Sydney although other cities may differ.

4.3.1 Emergency Logistics Process

The baseline process for cardiac arrest treatment with ECPR in Sydney is shown
in Figure 3.1a. The arrest is assumed to be nearly concurrent with the call to the
emergency services dispatcher. The ambulance will travel from an ambulance base
or location in the field to the scene of cardiac arrest. Medical personnel will provide
on-scene treatment. Finally, the ambulance will transfer the patient to hospital for
ECPR. Probability of survival decreases with the interval between arrest and the
start of flow for the heart and lung bypass.

Current practice imposes a one hour time threshold on eligibility for ECPR (Rand-
hawa et al., 2022). The one hour includes the ambulance response time, on-scene
treatment time, transfer time to move the patient to hospital and cannulation time
upon arrival.

Response times are based on historical cardiac arrest based on SA2 level (Statistical
Area Level 2 defined by Australian Bureau of Statistics) (Dyson, 2021). The on-
scene treatment time is assumed as 20 min for CCPR and 27 min for ECPR. We
use the average travel time between each MB pair in November 2019, which are
derived from Compass IoT’s Connected Vehicle Data (Compass, 2019). Ambulance
station and emergency department location information is from Australian Institute
of Health and Welfare (Australian Institute of Health and Welfare, 2022). ECMO
cannulation time is assumed to be 15 min.

When rendezvous strategy is implemented, the ECPR teams start at the same time
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as the ambulances and drive directly to the meeting point as shown in Figure 3.1b.
The travel time from patient to ECMO is shorter than the baseline because the
ECMO team will rendezvous closer to the patient than the in-hospital ECMO facil-
ity.

4.3.2 Accessibility Function

In the coverage model, the accessibility to ECMO at each MB is weighted by its
population and a MB only contributes to the overall accessibility if it is covered
by at least one ECMO team within the time threshold. The patient population
ni for each MB is derived from the corresponding resident counts provided by the
Australian Bureau of Statistics (Australian Bureau of Statistics, 2017). For the
maximal survival model, time-dependent survival rate will be used as the impedance
function. Here we still use the logistic survival rate from Figure 3.2.

Variation in the time to restored flow is determined by differences in response, on-
scene and travel times. Notably, the advantage of the rendezvous delivery strategy
depends on a shorter travel time to the closest ED than to the closest ECPR treat-
ment hospital. For long travel times, the survival rate drops significantly. In this
situation, the CCPR treatment with a short response time may provide a higher
chance of survival—therefore CCPR will be practiced for patients awaiting ECPR
and in remote locations where ECPR is infeasible.

4.3.3 Solution Method

MCP is an NP-hard problem because the number of possible scenarios will increase
drastically when the number of available positions increases. Sydney has approx-
imately 58,000 MBs that each serve as a potential location. Even when we set a
fixed number, k, for the allocation of ECMO teams or facilities, the problem still
exhibits a high-order polynomial complexity, with a power factor of k. If we only
consider EDs as potential ECPR team locations, there are only 26 MBs potential lo-
cations to consider. When the ECMO equipment number is 5, there are 26 choose 5
(C26, 5 = 65, 780) combinations to test. At this scale, we can enumerate all the cases
to find the global optimal result and confirm it with a greedy algorithm. However,
if ambulance bases (ABs) are considered as potential facility locations, the number
of possible locations increases by 46. The computing time will be proportional to
72 choose 5 (C72, 5 = 13, 991, 544) which is 200 times longer. In the most general
version of the problem, the ECMO team could be located at any of the 58,000 MBs.
This motivates the comparison between the solution to the recast problem using
the linear programming solver Gurobi and the results from the greedy and genetic
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algorithms.

4.4 Result and Analysis

In this section, we will first explore the improvement of ECPR coverage based on the
case study with the data introduced in Section 4.3 in order to illustrate the benefit
of the rendezvous delivery strategies for predetermined facility locations. Next, we
probe the potential of the strategy by searching for the optimal location combina-
tions from 26 EDs. It is expected that the optimal allocation differs under alternative
delivery strategies. We incorporate the survival function into the accessibility model
creating a gradual coverage or maximal survival problem that reduces the number
of solutions with identical and optimal coverage. Finally, 46 extra locations are
considered as potential ECMO locations. For this more computationally expensive
case, we compare the performance of greedy and genetic algorithms with the bench-
mark optimum found by solving the recast problem. This will give a performance
reference for even larger problems.

4.4.1 Basic Comparison with Rendezvous Strategy

Figure 4.3 shows the non-rendezvous coverage results associated with 5 ECPR hos-
pitals and a 60 min travel time threshold. The current emergency logistics strategy
covers 811,091 people within this threshold. The coverage catchment is shown in
Figure 4.3a. When the rendezvous strategy is applied, the mobile ECPR team could
drive to intermediate EDs to meet an ambulance carrying a cardiac arrest patient.
An additional 18 hospitals are involved in ECPR service system under the ren-
dezvous strategy, but no additional ECPR teams or equipment. The coverage area
extends noticeably as Figure 4.3b shows, encompassing 2,175,096 people within the
threshold.

4.4.2 Allocation Improvement

There are 26 locations that host an emergency department. All of them could be
engaged as ECPR team locations. If the number of ECMO equipment does not
change, 65,780 combinations of 5 locations are feasible. Some combinations are
likely to be better than the current combination.

With the baseline non-rendezvous ECPR strategy, the optimal combination of hos-
pitals shown in Figure 4.4a could cover 929,753 people, which is 118,662 greater
than the status quo combination. The optimal coverage with rendezvous strategy
grows to 2,247,861. All of the 26 EDs are engaged as an ECPR station or rendezvous
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(a) Non-rendezvous baseline

(b) Rendezvous Strategy

Figure 4.3: Coverage provided by 5 ECMO teams when we assume the patient
must travel to the ECMO facility (top) and when the patient and equipment can
rendezvous at an intermediate location. Without increasing the number of resources,
the rendezvous strategy covers a much larger area.

treatment point. However, 1,521 of the 65,780 unique combinations of ECPR lo-
cations result in the same coverage because all of them can serve all EDs. Figure
4.4b and 4.4c are two of the 1,521 combinations. This case demonstrates the lack
of a unique optimal combination of locations in the maximum coverage problem
formulation. The non-unique solutions offer an advantage in this instance because
there is flexibility to consider external constraints and secondary objectives.
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(a) The best five hospitals when ren-
dezvous is not used

(b) One set of ECPR locations with the
optimal rendezvous coverage

(c) An alternative set of ECPR locations
with the same rendezvous coverage as
above

Figure 4.4: Optimal ECMO Position Combinations

4.4.3 Optimal Result with Survival Rate Function

The coverage model cannot distinguish between combinations of locations that serve
all EDs, but we know that patient outcomes are better when travel times are shorter.
Survival rate is introduced as an impedance function so that the quality of the
coverage decreases as travel time increases. This improvement finds the best survival
rate, which minimises population-weighted travel times across the region.

Figure 4.5 shows the basic survival rate for each location when there is no ECPR at
all– survival is higher in high population density areas with many ambulance bases.
Between January 2017 and June 2021, there are 914 emergency responses to cardiac
arrests that would have been eligible for ECPR in Greater Sydney. Based on the
calculated survival rate, the expected survival from non-ECMO CPR is 121 patients
in 4.5 years.
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Figure 4.5: Basic survival rate with CCPR. Amiodarone, Lidocaine or Placebo
study (ALPS) is used for conventional cardio-pulmonary resuscitation (CCPR) (Ku-
denchuk et al., 2017)

Building from non-ECMO CPR, Figure 4.6a maps survival resulting from the five
existing ECMO hospitals. Without rendezvous, 151 patients are expected to survive
by being transported to an ECPR-capable hospital. If the rendezvous strategy
is implemented, we observe even better survival (205 expected survivals) for two
reasons. First, there are locations that were previously outside ECMO coverage
that now have access to ECPR, and second, there are locations that experience
higher survival with rendezvous than they did without rendezvous. Conventional
CPR and non-rendezvous ECPR are shown in red and blue respectively in Figure
4.6b. Green areas show improved survival when using the rendezvous strategy. The
purple regions can be served by rendezvous ECMO treatment but were not covered
without rendezvous service.

If 5 ECMO teams are allocated to the best EDs in the rendezvous strategy, the
survival rate of many locations increases as shown in Figure 4.7 and 208 patients
are expected to survive. There are 5 combinations that yield the same survival
rate— 4.7a and 4.7b are 2 of them. Like the maximal coverage model, the maximal
survival model does not produce a unique result, but the objective function better
represents the true goal of the service and the number of equivalent solutions is small
enough to be assessed with respect to other attributes by a health system planner.

4.4.4 Increased number possible locations

In addition to the 26 MBs containing an ED, there are 46 additional locations hous-
ing an ambulance station. Although ambulance bases are unsuitable for rendezvous
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(a) ECPR without Rendezvous Strategy

(b) Rendezvous Strategy

Figure 4.6: Basic Combinations with Survival Function

and treatment, they are potential locations to station the ECMO equipment de-
livery team so as to reduce response time. However, with the number of locations
increasing, the number of possible combinations grows to more than ten million.
Hence a suitable algorithm may help us to find a tolerable result in a reasonable
time.

Enumerating the solutions yields 191 combinations that give the same optimal result.
Figure 4.8 is one of them, and we can see that four of the ECMO positions are
allocated to ambulance bases rather than emergency departments. This will shorten
the travel time of ECPR dispatching in this area. Although the equipment delivery
time is reduced, the survival only shows a small increase (0.059%) compared to

68 CHAPTER 4. OPTIMIZING ACCESS TO MEDICAL RESOURCES
THROUGH SPATIAL MODELING



(a) Rendezvous Strategy 1

(b) Rendezvous Strategy 2

Figure 4.7: Optimal ECMO Position Combinations with Survival Function

constraining the ECMO teams to wait at emergency departments.

Comparing to the optimal solution from the recast problem as well as the enumerated
solutions, we assess the performance of heuristic methods.

The solutions shown in Figure 4.9a are very close to the benchmark for the expected
survival, differing by less than 0.001%. However, the ECPR locations are different.
Due to the probabilistic aspects of the genetic algorithm, we run the genetic al-
gorithm 5 times with different initialization and random numbers to avoid small
probability events. The genetic algorithm could find one of the optimal results in 4
out of 5 tests. The remaining result is also better than the solution we get from the
greedy algorithm.
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Figure 4.8: One Optimal ECMO Position Combination with Ambulance Bases

4.5 Discussion and Managerial Implications

For both the maximal coverage model and the maximal survival model, the ren-
dezvous strategy can significantly increase the objective, which could be seen from
Figure 4.4 and Figure 4.7.

However, the improvement is negligible when considering locating the teams at
ambulance stations. The main reason is because rendezvous time is constrained by
the patient transfer team rather than the ECPR mobile team. Even when the ECPR
teams are allocated at ambulance bases which reduce travel time, the patient transfer
ambulance causes the ECPR team to wait for the rendezvous moment. The response
time plus on-scene treatment time is generally at least 32 min, which is longer than
the ECPR team’s response time in most cases. In addition, the ambulance bases
cannot provide a suitable treatment environment, so both the patient and ECPR
team have to travel to an ED even when the emergency event happens right at the
site of an AB.

The survival rates associated with the rendezvous strategy locating ECPR teams
only at EDs is close to the optimal results of those with ambulance. However,
the best ED-only solution is the 1,515th result in the order of all the 13,991,544
(72C5) combinations when we allow ambulance bases. Both greedy and genetic
algorithms can obtain near optimal results. Although genetic algorithm requires
more computing time, it always returns results closer to the optimal survival rate
than those found by the greedy algorithm and, in most tests, the genetic algorithm
solution equals the optimal results. Considering the number of equivalent solutions
and trading-off the speed of the heuristics against minor loses in performance, it is
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(a) Greedy Algorithm

(b) Genetic Algorithm

Figure 4.9: Algorithm Results showing solutions from the heuristic methods. The
genetic algorithm outperforms the greedy algorithm and both are within 0.000337%
of the optimal result.

clear that decision makers have flexibility to select a (near-)optimal solution that
might also address constraints related to budgeting, space or equity as needed.
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Chapter 5

Impact of Vehicle Types on EMS
Output

5.1 Introduction

The previous chapters’ spatial modeling reveals how delivery strategy and facil-
ity allocation can heighten planning-level coverage for emergency medical services
(EMS). Yet, even with well-placed resources, operational decisions—such as which
vehicles respond to which calls—often determine how effectively these resources are
used in practice. Specialized ambulances equipped for advanced procedures may
boost survival for severe cases, but relying on them too heavily for routine incidents
risks diluting their availability when most needed. Conversely, keeping them idle
until a perfect high-acuity match may reduce their utilization and leave standard
ambulances overwhelmed.

In this chapter, various dispatching policies are developed to enhance operational
management. In the context of real-time dispatching, achieving effective outcomes
is further complicated by subsequent tasks, as each vehicle can respond to only one
incident at a time, and every dispatch decision directly impacts future operations.

For time-varying emergency response systems, agent-based models (ABMs) have
emerged as capable tools for simulating and optimising these systems. ABMs have
been applied in various domains such as freight transportation, ridesharing, taxi,
and delivery (Chen and Chankov, 2017; Di Febbraro et al., 2016; Hörl et al., 2021;
Nourinejad and Roorda, 2016). In the context of EMS, ABMs enable the detailed
representation of individual agents—such as ambulances, patients, and emergency
departments—and their interactions within a dynamic environment (Koch et al.,
2020; Laskowski and Mukhi, 2009). This approach is particularly effective in sce-
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narios where environmental factors, such as severe weather or infrastructural disrup-
tions, significantly impact response times. For instance, Wang et al. (2012) explored
the use of ABMs in dispatching systems to simulate emergency response under vari-
ous conditions, highlighting the flexibility and robustness of these models in complex
situations.

Agent-based simulation is adopted in this study as it enables the representation of
decentralised interactions between vehicles and incidents (Amakama et al., 2025).
This approach facilitates the modelling of real time vehicle assignment in multi pri-
ority environments and captures the temporal dynamics of participant status (Lam
et al., 2024). The characteristics of emergency medical services systems, including
sparse demand, high spatial and temporal variability, and the critical requirement
for timely response, make mathematical programming methods impractical for real
time operational decision making. The stochastic and sparse nature of EMS in-
cidents means that outcomes are often influenced by complex interactions among
vehicles, patients, and dispatch decisions (Edjinedja et al., 2024). By simulating
individual agents and applying repeated trials, this approach enables the modelling
of sparse and noisy events while capturing emergent behaviours that affect survival
outcomes.

Dispatching policies determine the rules about allocating emergency vehicles to in-
cidents in the EMS system. Under the ABM framework, both vehicles and incidents
are agents defined by a set of relevant attributes. To realistically represent opera-
tional conditions, it may be important to consider types of incidents and types of
vehicles and the way they interact with each other to produce patient outcomes. In
practice, vehicle type represents medical capability, and incident type corresponds
to triage categories defining medical need. Incidents of the same type share the same
priority, while different types may have the same or different priorities depending
on urgency. Vehicle performance also varies across incident types, reflecting the
suitability of specific resources for different medical conditions. In this context, the
optimal allocation of different types of emergency vehicles can be modelled in an
ABM to assess their impact on survival rates. Prior research has explored the use
of ABMs to evaluate dispatch policies that address both routine and specialised
incidents, offering insights into how EMS systems can be optimised under diverse
conditions (Koch et al., 2020; Wang et al., 2012).

Tikani and Setak (2019) explored the challenges associated with multiple patient
types and vehicle types, considering the added value of specialised vehicles for spe-
cific patients. However, they noted the potential inefficiencies when these specialised
vehicles must occasionally respond to general patients due to resource constraints.
This dilemma is particularly relevant in cases like the alternative cardiac arrest
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strategy discussed by Song et al. (2022), where specialised vehicles are critical for
treating a small patient population to achieve significant survival benefits.

In this work, we address the research gap in optimizing ambulance dispatch when
vehicles are specialized for specific subsets of incidents. This chapter considers two
types of pre-hospital vehicles: the first is the conventional cardiopulmonary resus-
citation (CCPR) vehicle, which provides standard treatment for all patient types.
The second is the extracorporeal membrane oxygenation (ECMO) vehicle, utilized
during cardiopulmonary resuscitation (ECPR), offering significant benefits for car-
diac arrest incidents. We present an agent-based simulation model representing the
emergency medical system and apply it to evaluating vehicle dispatching policies
within a mixed fleet of ambulances. The study incorporates incidents of differing
types and priorities and illustrates how agent-based modelling can provide insights
into the optimal allocation of EMS resources. The methodology is explained in Sec-
tion 5.2, followed by an experiment with ambulance allocation policies in New South
Wales, Australia, presented in Section 5.3. The insights derived from this case study
are discussed in Section 5.4.

5.2 Methodology

This section outlines the methodology employed to analyse and optimise emer-
gency medical services (EMS) dispatch strategies through an agent-based simulation
model. The following lists the notation that will be used in the chapter.

Symbol Description
Ai Agent for incident i, with attributes (hi, ei, oi, li, di, zi)

Av Agent for vehicle v, with attributes (yv, xv, lv, uv, zv)

av,t Indicator of vehicle v’s availability at time t

bi,t Indicator of incident i’s waiting status at time t

cv,i,t Response capacity notation for vehicle v responding to
incident i at time t

di Destination for the incident represented by agent Ai

within the network; this attribute influences both the
vehicle travel time from the location li and the final or
subsequent starting position of the vehicle for future ac-
tions.

ei Type of the incident represented by agent Ai

hi Time point when the incident represented by agent Ai

occurs
I Set of all incidents, with i representing a specific incident
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Symbol Description
i A specific incident in the set I

li Location of the incident represented by agent Ai within
the network

lv Current location of the vehicle represented by agent Av

within the network
oi Priority level of the incident represented by agent Ai

P Set of dispatch policies
py,e Policy value for vehicle type y and incident type e

qt(Ai) Position of agent Ai in the queue Qt at time t

Qt Queue of incidents at time t, sorted by priority oi and
time of occurrence hi

Sy,e Survival function for incident type e treated by vehicle
type y

T Timeline, with t representing a specific time point
t A specific time point in the timeline T

uv Route taken by the vehicle represented by agent Av

when responding to an incident
V Set of all vehicles, with v representing a specific vehicle
v A specific vehicle in the set V

xv Station location of the vehicle represented by agent Av

yv Type of the vehicle represented by agent Av

zi Status of the incident represented by agent Ai during
processing

zv Status of the vehicle represented by agent Av during its
response to an incident

τlv ,li,t Travel time from vehicle v to incident i at time t

τ̂lv ,li,t The total expected response time from vehicle v to in-
cident i at time t

5.2.1 Agents for Incidents and Vehicles

The core of the methodology is an agent-based simulation model that represents
the interactions between EMS vehicles and incidents. Each agent in the simulation
corresponds to an EMS vehicle or an incident, with specific attributes and behaviour
rules for incidents and vehicles.

This optimisation identifies the optimal set of vehicle dispatching policies considering
multiple types of emergency vehicles responding to multiple types of incidents. The
dispatching system will assign vehicles to incidents based on the dynamic simulation
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information. For the simulation process, we denote T as the whole timeline and t ∈ T

as a time point.

Incident Agents

I is the set of total incidents. Each incident is represented by i ∈ I. We denote
Ai as the agent for incident i. The incident agent is defined by an attribute tuple
Ai ≡ (hi, ei, oi, li, di, zi). ei is the incident’s type, while oi is the incident’s priority
level. The time when incident happens is denoted hi, li is the incident’s location and
di is the incident’s destination in the network. These attributes are time-invariant
for each incident. The incident’s status, zi, will evolve along the timeline.

At the beginning of each time step t, each agent, Ai, will progress according to its
status at t. If t = hi, the incident will be added in the system queue (zi = Waiting)
based on its priority oi. Being in the queue makes the incident eligible for a vehicle
allocation. If the incident is allocated a vehicle by the dispatching system, its status
zi matches the responding vehicle’s status until the patient is handed over at the
destination hospital, di. The final status of the patient will be zi = Finished. Figure
5.1 shows the dynamics of the incident agent.

Vehicle Agent

Let V denote the set of vehicles. Each vehicle v ∈ V has an agent Av defined by an
attribute tuple Av ≡ (yv, xv, lv, uv, zv). The attributes include yv for the vehicle’s
type and xv for the vehicle’s station location. These attributes are time-invariant
for each vehicle. Additionally, the vehicle’s location, lv, route, uv, and status, zv will
evolve along the timeline.

All vehicles will initially sit at their stations with the status Available. When a
vehicle is allocated to a patient by the dispatching system, it will change its status
to Response, find a route uv from lv to li and update its location lv at each time point
t. When the vehicle reaches the patient, the status changes to On-Scene. After the
on-scene treatment, it will change its status to Transport and find a route uv from
li to di. When the vehicle arrives at the destination hospital, the status changes to
Destination and begins the process of off-loading the patient, cleaning and restocking
the vehicle. After finishing the incident, the status updates to Available, and it will
find a route uv to go back to its station locationxv from the hospital.The vehicle can
be allocated to another patient before it reaches its station. Figure 5.2 shows the
dynamics of the vehicle agent.
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Figure 5.1: Flowchart of Incident Agent (Ai) Dynamics

5.2.2 Dispatching Policy

The interactions between vehicles and incidents are governed by response rules. The
dispatching system determines which vehicles are allocated to incidents based on the
vehicle and incident attributes and the current conditions.

The dispatching policy, p, selected from the policy set, P defines the eligibility
of vehicle type y to respond to incident type e. Each vehicle type-incident time
combination has a unique policy where the policy values py,e follow Eq. 5.1. Y and
E are the type sets for vehicles and incidents.
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Figure 5.2: Flowchart of Vehicle Agent (Av) Dynamics

py,e =

1 if vehicle type y is allowed to respond to incident type e

0 else
; ∀y ∈ Y, ∀e ∈ E

(5.1)

The performance of a vehicle of type, y when responding to an incident of type e

is quantified as the survival function, Sy,e, whereby patient outcomes diminish with
response time. The matrix of survival functions has dimensions of all vehicle types
|Y | by all incident types |E| as the Table 5.2 shown. Note that under some policies,
some elements of the survival matrix are irrelevant because the policy does not allow
that type of vehicle to respond to that type of incident.
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Vehicle Incident Type e
Type y 1 2 3 ...

1 S1,1 S1,2 S1,3 ...
2 S2,1 S2,2 S2,3 ...
3 S3,1 S3,2 S3,3 ...
... ... ... ... ...

Table 5.2: Survival Function Table

5.2.3 Simulation Framework

The simulation progresses in discrete time steps, with each step representing a unit
of time within the modeled environment. At each time step, the framework will
first update the status for each incident and vehicle. Then processes the occurrence
of new incidents, allocate available vehicles to waiting incidents according to the
queue and update the status for each incident and vehicle. The incident and vehicle
numbers are stochastic in the simulation so the number of agents active in each
timestep varies.

A queue is used to prioritise incidents that are waiting for an available vehicle. We
use av,t and bi,t to indicate the availability of vehicle v and the waiting status of an
incident i at time t respectively. Their values are determined as described in Eq.
5.2 and 5.3.

av,t =

1 if vehicle zv = ‘available’ at time t

0 else
; ∀v ∈ V, ∀t ∈ T (5.2)

bi,t =

1 if incident zi = ‘waiting’ at time t

0 else
; ∀i ∈ I, ∀t ∈ T (5.3)

The dispatch order follows a priority queue. To facilitate prioritised dispatch, all
incidents join the queue, Q, and Qt is the queue at time t. The queue sorts the
incidents according to the priority oi and then by the incident occurrence time hi.
Let qt(Ai) presents the position of Ai in the queue at time t. Hence, the queue could
be formulated as Eq. 5.4. The order of the queue is presented as Eq. 5.5 and Eq.
5.6 sorted first on incident priority and then on happening time.

Qt = {Ai| i ∈ I and bi,t ≥ 1} (5.4)

om ≤ on;∀Am, An ∈ Qt and qt(Am) < qt(An) (5.5)
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hm < hn;∀Am, An ∈ Qt and qt(Am) ≤ qt(An) and om = on (5.6)

Figure 5.3 demonstrates the inputs, outputs and the process of the simulation. The
simulation generates a range of output metrics that provide insights into the per-
formance of the EMS system under different dispatching policies. The key metric
used for assessing the optimal dispatch policy is patient survival rate, as discussed
in the next section.

Figure 5.3: Flowchart of Simulation
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5.2.4 Optimisation Model

The primary objective of this study is to optimise system performance, particularly
patient outcomes, by selecting the best dispatching policies for EMS vehicles. The
optimisation problem is built around an agent-based simulation framework that
models the dynamic behaviour of incidents and vehicles across a transportation
network.

τlv ,li,t is denoted as the travel time for the vehicle at location lv to respond to the
incident at location li at time t. This response time is a critical factor influencing
patient survival rates, which are modelled as a function of the response time, vehicle
type, and incident type. τ̂lv ,li,t represents the total expected response time to incident
Ai.

τ̂lv ,li,t = τlv ,li,t + t− hi (5.7)

The vehicle can be dispatched to at most one incident when their status zv is Avail-
able. Similarly, patients can be allocated at most one ambulance if their status, zi
is Waiting. These limitations are captured in the response capacity notation cv,i,t

which says that the maximum number of allocations at time t for each vehicle is
less than or equal to that vehicles availability, av,t, and the maximum number of
allocations at time t for each incident is less than or equal to the incident’s waiting
status, bb,t. This response capacity notation is used to formulate constraints in Eq.
5.10 and Eq. 5.9.

The optimisation objective is to maximise the overall survival rate, which is formu-
lated as:

max
p∈P

∑
v∈V

∑
i∈I

∑
t∈T

s(yv ,ei)(τ̂lv ,li,t) · cv,i,t · pyv ,ei (5.8)

subject to Eq. 5.2, 5.3 and 5.7

∑
v∈V

cv,i,t ≤ bi,t; ∀t ∈ T (5.9)

∑
i∈I

cv,i,t ≤ av,t;∀t ∈ T (5.10)

Ai = simulation(Ai, t);∀i ∈ I, ∀t ∈ T (5.11)
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Av = simulation(Av, t);∀v ∈ V, ∀t ∈ T (5.12)

The objective function is the summation over all vehicles, incidents and times of
the survival function multiplied by the vehicle capacity and dispatch policy. It is
constrained by dynamic vehicle availability, patient occurrence and response time.

5.3 Data and Experiment

Using the agent-based framework described above, the temporal and spatial dis-
tribution of emergency incident is simulated subject to a range of vehicle dispatch
policies. The progress of the stochastic incidents determines the survival outcome of
each simulation. The methodology described above is tested for the case of two types
of vehicles serving three types of incidents (two high-priority and one low-priority).
This experiment is inspired by a real example of a specialised ECPR vehicle with
treatment advantages for certain types of cardiac arrest. While the normal ambu-
lances give basic first aid, the ECPR vehicle can provide advanced treatment for
cardiac arrest patients. The scope of the study is the central and eastern parts of
Sydney, Australia using historical incident generation rates and travel times.

We assume that the vehicles in each type and the incidents in each type are indistin-
guishable. If the policy allows, the vehicle will respond to high priority level incidents
first. Within each priority level, dispatch follows a first-in-first-out principle.

5.3.1 Traffic Network

The simulation network crops the inner Sydney and Sydney eastern suburbs ar-
eas from OpenStreetMap (OpenStreetMap contributors, 2017). Fig. 5.4 shows the
geographical scope and the simulation network. The travel time on each link is
an average travel time from one week of aggregated connected vehicle data from
November 2019 (Compass, 2019). The region outlined by the yellow boundary in
Fig. 5.4 (a) is selected as the study area in this chapter. This choice reduces com-
putational complexity compared to the full Greater Sydney area, as the simulation
here is more resource-intensive than in previous chapters. The region is bordered
by water on three sides, which helps reduce cross-boundary flows and reflects real
EMS operations.
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(a) Population density and relevant facilities (b) Road network

Figure 5.4: Population Density, Facilities and Road Network. The area encloses
Sydney’s densest areas and is served by 5 emergency departments, including 3 of
Sydney’s 7 major trauma centres. The road network includes highly congested areas
as well as sparse regions around the airport and major parks.

5.3.2 Incident Distribution

Incidents are distributed across on the nodes of the network proportionally to the
population density as Figure 5.4 shown. The population is from the Australian
census (Australian Bureau of Statistics, 2017). Mesh blocks (MBs), the smallest
census geographies defined in the Australia Statistical Geography Standard, are
considered as the basic spatial unit. We join the MBs centroids to their nearest
network node. The simulated data captures incidents of Priority 1 (P1) and Priority
2 (P2) where P1 cases are more urgent. Based on a one-day sample of anonymised
ambulance movements, we take that P1 and P2 are half and half (50%) in the total
incident number and no consideration is given to lower priority incidents. P1 has
two types of incidents, Incident 1 (I1) and Incident 2 (I2). 10% of all incidents are
of type I1, which can get extra benefit from a special type of ambulance Vehicle
Type 1 (V1) offering specialised pre-hospital treatment. 5% and 15% I1 are used
for sensitivity analysis. Vehicle Type 2 (V2) contributes the same (lower) survival
benefit to all types of incidents.

The incidents exhibit a discernible temporal pattern. As illustrated in Figure 5.5a,
there is a notable decrease in incident frequency during the hours between 0 AM
and 6 AM. An 8-hour simulation captures a full vehicle shift. Figure 5.5b shows the
number of incidents that occur over 8-hours starting at each time of day— this repre-
sents the total number of incidents to occur in a single simulation. These smoothed
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(a) Hourly incidents In NSW on one day

(b) Smoothed number of incidents in an 8-
hour simulation, scaled by the population of
the study area (12%)

Figure 5.5: Incident Temporal Distribution

Figure 5.6: Incident Temporal Distribution. Hourly distribution of incidents from
a single day of anonymised vehicle movements.Incidents are highest during the day
and evening. An 8-hour simulation for the study area would cover 50 to 110 incidents
depending on the time of day.

values are scaled by 12% to account for the proportion of the state population that
falls within the study area. Based on this data, the simulation will randomly gen-
erate 80 incidents in the 8-hr base-case simulation, and sensitivity tests will include
50 and 110 incidents in the same interval.

5.3.3 Processing Time Distribution

The duration of the Ambulance Response and Transport steps are determined by
the transport network, the locations of the hospitals and the state of the system.
On-scene Treatment and Destination Time vary between incidents and are best
modeled as a right-tailed distribution with a preponderance of values where no on-
scene treatment occurred. In the simulation, On-scene and Destination times are
randomly drawn from the zero-inflated gamma distributions in Fig. 5.7 which are
fitted to a one-day sample of ambulance data.

5.3.4 Dispatching Policies and Performance Measurement

Three dispatching scenarios are tested:

1. The most restrictive policy is dispatching V1 to P1-I1 only,

2. We can relax the policy by allowing V1 to be assigned to all incidents in P1

that includes P1-I1 and P1-I2,
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(a) Frequency / Probability Density of On-
scene Treatment Times

(b) Frequency / Probability Density of Des-
tination Times

Figure 5.7: Treatment and Processing Times Distribution. Zero-inflated gamma
distributions fitted to observed On-scene Treatment and Destination times. The
Zero-inflation for on-scene time is 0.00626 and destination time is 0.00105.

3. The most flexible policy is when V1 can respond to all types of incidents
including P2.

P1 incidents are the most urgent, life-threatening cases, so we use survival rate
in Figure 3.2 of Chapter 3 to measure their response outcomes. Even though the
objective function is insensitive to survival for lower priority incidents (P2), we
consider response time as an indication of the equity of the policy in order to avoid
long waiting times.

5.4 Result and Discussion

This experiment examines the relationship between survival rates and vehicle mix-
ture under various dispatch strategies. Here, Vtotal = V1 + V2 so using 5 V1 vehicles
implies that out of a total of 20, the remaining 15 will be V2.

We employed the survival rate as the primary performance metric in our study,
capturing both the outcome of a single incident type and the overall efficacy of
the Emergency Medical Services (EMS) system. An elevated survival rate indicates
efficient handling of emergencies and optimised patient outcomes by the service.
By contemplating the survival rate in association with the quantity of specialised
vehicles and diverse dispatch policies, we identified optimal resource allocation and
operational strategies for EMS under varied scenarios.
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5.4.1 Diminishing returns to survival from additional spe-
cial vehicles

Increasing from zero to one special vehicle improves overall patient survival regard-
less of the dispatching policy or the volume of incidents. This is shown in the initial
upwards trajectory of all nine curves in Figure 5.8. The increase is explained by the
dramatic improvement in survival of the P1-I1 cases, which improves the average
without significantly decreasing survival for any other patients.

For flexible dispatch policies that allow the special vehicles to attend all patients
(green in Figure 5.8) or any high priority patients (orange in Figure 5.8), the survival
benefit of additional special vehicles can only increase or stay the same. The curves
start to level off around six out of 20 vehicles for the base case (80 incidents) and
low-demand case (50 incidents)— in these cases, 6 special vehicles are able to serve
all of the special incidents and any additional special vehicles will be functioning
as a normal vehicle. In the high-demand case, this leveling off is not observed even
when more than half of the vehicles are the special type.

For more restrictive dispatch policies, shown with the blue line in Figure 5.8, ad-
ditional special vehicles diminish the survival on non-P1-I1 patients because they
reduce the availability of normal vehicles. This is shown as a peak in survival ben-
efit when there are 4 special vehicles. Notice that for all levels of demand, the peak
survival for the restrictive dispatch policy is lower than the maximum survival rate
achievable with more permissive policies.

5.4.2 Degradation of response time for non-priority inci-
dents

The objective of the experiment is to improve patient survival, but customer expe-
rience is a useful tie-breaker for otherwise similar survival outcomes. Response time
is the way we can capture the disbenefit experienced by lower-priority patients when
we allocate special vehicles to special incidents.

Figure 5.11 shows how average response time increases under the restrictive policies
when the number of special vehicles increases. For each demand level, the red
dashed lines benchmark the workload threshold— this is the number of vehicle-
hours in the simulation (8 hrs x 20 vehicles), minus the average on-scene, transport
and destination times, divided by the number of incidents. If the response time is
longer than the workload benchmark, the queue will increase.

Under all demand levels and the most flexible dispatch policy, the total average
response time doesn’t change. The response time increases strongly with the num-
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(a) Survival Rate for 50 Incidents (b) Survival Rate for 80 Incidents

(c) Survival Rate for 110 Incidents

Figure 5.8: Survival Rate in Relation to Special Vehicle Number. All curves depict
survival rates for P1 incidents (P1-I1 and P1-I2) and 10% of total incidents are special
(P1-I1). The colours represent different V 1 dispatch policies scenarios. For low and
moderate demand, the survival benefit peaks or plateaus when special vehicles are
∼ 25% of the fleet.

ber of special vehicles under the most restrictive dispatch policy, especially when
patient demand is high. This upturn in the blue curve (Figure 5.11) corroborates
the finding that having greater than ∼ 25% special vehicles has little benefit and
perhaps disbenefits. Combined with Figure 5.8, the response times themselves are
generally acceptable for the more permissive policies that perform best on survival
rates.

5.4.3 Sensitivity to the ratio of supply and demand

It is expected that dispatching policy becomes more critical when the number of
ambulances is small compared to the number of incidents. To reflect this dependency
in the experiment, the supply is constant (i.e. the number of vehicles is always 20),
but the demand varies (i.e. 50, 80 or 110 incidents in an 8-hr simulation). In the
basic case with no special vehicles, the survival rate decreases as the number of
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(a) Response Time for 50 Incidents (b) Response Time for 80 Incidents

(c) Response Time for 110 Incidents

Figure 5.9: Response Time in Relation to Special Vehicle Number. All curves depict
the average response time for all types of incidents, and 10% of incidents are special
(P1-I1). Only the most restrictive policies (blue) result in increased response time,
and when demand is high response time is too large regardless of vehicle number or
dispatch policy.

incidents increases (purple line in Figure 5.10)— this is the expected result of more
patients competing for fixed ambulance resources.

Across all policies, the survival rates reduce with the incident number increasing.
Figure 5.10a shows how the policies are similar when the number of incidents is
low because there is oversupply of vehicles. As the demand increases, the policies
differentiate themselves.

This pattern differs somewhat in Figure 5.10b and Figure 5.10c when special vehicles
represent 30 and 60% of the fleet respectively. When demand is low (50 incidents),
the overall survival is slightly higher due to the availability of more special vehicles
which dramatically improve survival for P1-I1 patients. However, when the demand
is high enough to create queuing, the most restrictive policies (blue lines) have lower
survival because P1 incidents are forced to queue.
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(a) Survival Rate for 2 Special Vehicles (b) Survival Rate for 6 Special Vehicles

(c) Survival Rate for 10 Special Vehicles

Figure 5.10: Survival Rate in Relation to Special Vehicle Number. All curves depict
survival rates for P1 incidents (P1-I1 and P1-I2), and 10% of incidents are special
(P1-I1). The colors represent different policy scenarios, and survival decreases with
incident number in all cases. The relationship between policy and survival rate
depends on the patient demand and vehicle supply.

Moreover, the overall survival for the most restrictive policy stabilises at the highest
demand because the special vehicles grant higher survival to P1-I1 patients. Fig-
ure 5.10b shows a nearly perfect trade off between the P1-I1-only and the P1-only
policies at the highest demand level— the same overall survival is achieved when
the most restricted set of patients gets priority access.

In addition to the survival rate impacts at high demand, restrictive dispatch policies
can also increase response times for low-priority incidents, which is a secondary
consideration in the experiment. Figure 5.11 shows that the response times increase
with total incident numbers and are unacceptably large under the most restrictive
policy (blue) and at high demand.

The red lines show the time available for response per patient. Comparison to the
policies suggests that there will be queuing under all policies when demand equates
to 110 cases per simulation. Even moderate demand (80 cases) will result in queuing
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(a) Response Time for 2 Special Vehicles (b) Response Time for 6 Special Vehicles

(c) Response Time for 10 Special Vehicles

Figure 5.11: Response Time in Relation to Special Vehicle Number. All curves
depict the average response time for all types of incidents, and 10% of incidents are
special (P1-I1). Under restrictive policies, the response time increases dramatically
at high demand. Any point above the red workload line will mean that patients
have to queue for a response.

for 50% special vehicles and the most restrictive policy (Figure 5.11c).

5.4.4 Sensitivity to special incident proportion

The results above are based on the special incidents (P1-I1) being 10% of all cases,
which aligns with that expected rate in a sample of data. When this percentage is
larger, special vehicles are more beneficial as shown in Figure 5.12.

Figure 5.12 illustrates that the survival rate will improve with the proportion of
special incidents for all policies. This difference becomes more pronounced as the
fraction of special vehicles increases. When 10% of vehicles are special vehicles, as
shown in Figure 5.12a, there are only small differences in survival rate between the
policies and special incident proportions. But when 50% of the vehicles are special
vehicles, as shown in Figure 5.12c, the various dispatch policies show dramatically
different effects at high and low rates of special incidents. When only 5% of incidents
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are P1-I1, the survival rate for the most restrictive policy (blue, P1−I1-Only) policy
is lower than the basecase with no special vehicles. But for 15% special incidents,
the overall survival rate is ∼ 10% higher than the base case.

(a) Survival Rate for 2 Special Vehicles (b) Survival Rate for 6 Special Vehicles

(c) Survival Rate for 10 Special Vehicles

Figure 5.12: Survival Rate in Relation to Special Incident Proportion. All curves
depict survival rates for P1 incidents (P1-I1 and P1-I2) for simulations with 80 inci-
dents total. The colors depict the dispatch policies, which are highly differentiated
when the number of special vehicles is high— when the special incident rate is low,
a restrictive dispatch policy makes the survival worse than the baseline of no special
vehicles whereas the permissive policies improve it.

The sensitivity of survival rate to special incident rate is not reflected in the response
times. As shown in Figure 5.13, the response times are stable across 5, 10 and
15% special incident rates for the more permissive policies (all incidents and all P1
incidents). As expected, for low rates of special incidents, many special vehicles and
restrictive policies, the response times are high because a large number of vehicles
are allocated to a small number of cases.

Except for the most extreme case shown in Figure 5.13c where 50% of the vehicles are
for the exclusive use of 5-15% of cases, the response times are all below the workload
line (red). This implies that, when the policy and number of special vehicles are

CHAPTER 5. IMPACT OF VEHICLE TYPES ON EMS OUTPUT 91



(a) Response Time for 2 Special Vehicles (b) Response Time for 6 Special Vehicles

(c) Response Time for 10 Special Vehicles

Figure 5.13: Response Time in Relation to Special Incident Proportion. All curves
depict the average response time for all types of incidents. The legends represent
different policy scenarios. P1 − I1 Only means the special vehicles V1 only response
to special incidents P1-I1, while P1 Only represent dispatch exclusivity for high
priority incidents both P1-I1 and P1-I2, and ’All’ signifies that V1 can be assigned
to all incident types. 80 incidents in total.

suitable, queuing can be avoided at high, medium or low rates of special incidents.

5.4.5 Spatial distributions of different policies

To compare the spatial differences among various policies, we choose parameter
combinations where all policies have similar outcomes in both survival rate and
response time. Both metrics are aggregated to Statistical Area Level 2 (SA2), as
defined in the Australian Statistical Geography Standard. SA2s typically have a
few tens of thousands of residents living in them and are similar in size to a Local
Government Area (LGA).

Figure 5.14 shows the survival rate distributions for different policies. In all three
sub-figures, survival rates are generally higher in central areas and lower in the outer
regions, particularly in the northeast and southwest. The reason should be that the
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hospitals are located in the middle so as to that region surrounded by available
ambulances. The colors in the center are similar across the policies, but the policies
vary more near the edges. This indicates that differences in survival rates are more
significant in the boundary areas compared to the inner SA2s. We can see it from
the northeast and southeast corners. Among the policies, the most restrictive policy
(P1 − I1 Only) has higher survival rates in the northeast and southwest than the
other policies. The P1 Only policy performs better in the worst cases compared
to the P1 − I1-Only policy but is not as good as the most permissive policy in the
best cases. This results in the P1 Only policy showing smoother changes in survival
rates across adjacent regions. It is important to note that variations in the western
region should be disregarded due to the geographical limitations of our study area.
Although the study excludes ambulances originating from the western boundary,
it is conceivable that some vehicles might still be operational in that region, as
illustrated in Figure 5.4.

As shown in Figure 5.15, response times are shorter in the inner areas than at the
edge of the study area. However, the most permissive policy has shorter response
times in most regions compared to the other policies, suggesting that exclusive
policies do not fully utilise resources. This pattern is also evident on a smaller scale.
For instance, the northeast region has longer response times in Figure 5.15a than in
Figure 5.15b and Figure 5.15c, even though the survival rate in this area is higher.

5.5 Discussion

Based on the experiment results of the agent-based simulation, we find that the
deployment of advanced special ambulance vehicles can improve the survival rates
of emergency incidents, especially for the incidents that correspond to the vehicle’s
intended function. The effectiveness of the deployment depends on the number of
advanced vehicles deployed and the dispatching policy.

More specifically, we find that there is a relationship between the survival rates of
emergencies and the number of specialised vehicles used, particularly in the context
of incidents that these vehicles are primarily designed to handle. However, the
ratio of special vehicles should not exceed the expected ratio of special incidents. If
the proportion of special vehicles is higher than the special incidents, the obvious
benefits to the special incident is counterbalanced against adverse impacts on the
other types of incidents in terms of survival rate and response time.

Furthermore, if dispatched appropriately, these vehicles can substantially improve
patient outcomes. With the moderate dispatching policy (special vehicles can re-
spond to all high-priority incidents), the survival rate for high priority incidents can
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(a) Survival Rate for P1 − I1 Only Policy (b) Survival Rate for P1 Only Policy

(c) Survival Rate for All Available Policy

Figure 5.14: Spatial Distributions of Survival Rate in Relation to Different Policies.
The maps illustrate survival rates from simulations involving 4 special vehicles and
80 incidents, including 10% special incidents. The blue shades depict the average
survival rates of P1 incidents in each area; lighter colors indicate higher survival
rates, while grey indicates areas with no residents.

improve by more than 10% while maintaining acceptable response times for low pri-
ority incidents. In contrast, under more restrictive or permissive dispatch policies,
survival rate can dip below the baseline of no-special-vehicles or response times can
inflate, thus underscoring the importance of effective and informed dispatch policies.

From a geographical perspective, different policies affect subregions differently, even
if their overall performances are similar. Exclusive policies perform better for serious
incidents, but the most permissive policy has shorter average response times, bene-
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(a) Response time for P1 − I1 Only Policy (b) Response time for P1 Only Policy

(c) Response time for All Available Policy

Figure 5.15: Spatial Distributions of Response Time in Relation to Different Policies.
The maps illustrate response times from simulations involving 4 special vehicles and
80 incidents, including 10% special incidents. The red colors depict the average
response time of all incidents in the regions; lighter colors indicate shorter response
times, while grey indicates areas with no residents.

fiting less severe incidents. The impact of these policies varies more near the edge of
the study area where incidents are less likely to have multiple available vehicles sur-
rounding them. When special vehicles respond only to their designated incidents,
outcomes for those incidents improve, especially for long-distance responses, but
response times get worse. This effect is also particularly noticeable in edge areas.

Our agent-based simulation framework and methodology used in this study can
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be adapted to any region to evaluate the potential benefits of deploying advanced
emergency vehicles. One of the key strengths of our study lies in the versatility of the
agent-based simulation framework. The framework is highly adaptable and can be
applied to test sensitivity to dispatch policy, number of special vehicles, number of
incidents and special incident rate. By adjusting the parameters to suit the unique
requirements of different emergency settings, decision-makers can explore the policy
impact on patient survival– an outcome-based (rather than structure- or process-
based) performance measure. This can serve as a valuable tool in informing policy
decisions and optimising resource allocation.
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Chapter 6

Conclusion

6.1 Summary of Research

This thesis explored the integration of transportation engineering principles and lo-
gistics strategies to optimize the performance of emergency medical services (EMS).
The research aimed to address several critical challenges in EMS operations, includ-
ing facility location optimization, resource allocation, real-time dispatching, and the
evaluation of competing delivery strategies. Through the application of static opti-
mization models, dynamic simulation, and comparative analysis of algorithms, this
thesis offers practical insights into how transportation logistics can improve EMS
response times, resource use, and patient outcomes.

This chapter revisits the main research questions introduced in Chapter 1 and reflects
on how the findings from Chapters 3-5 collectively address the gaps. The thesis set
out to understand how emergency medical services can be designed and operated
more effectively by improving delivery strategies, optimizing the spatial allocation
of resources, and refining dispatching policies. Together, these questions sought to
connect strategic planning with real-time operations and to evaluate how logistics
decisions ultimately affect accessibility, efficiency, and patient survival.

6.1.1 Logistics Strategies for EMS Delivery

In Chapter 3, the research compared three service delivery strategies: an in-hospital
approach, a rendezvous approach, and a pre-hospital approach. In-hospital method
is the conventional strategy where patients must be transported from the incident
site to a specialized center before advanced interventions begin. Although well es-
tablished, this model often fails to help patients who live too far from specialized
hospitals or who require lengthy on-scene stabilization times. As time to treatment
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is crucial, in-hospital treatment can leave many potential candidates effectively un-
served.

Rendezvous strategy partially alleviates the constraints of in-hospital care by dis-
patching a mobile team to meet the patient at a middle emergency department.
This parallel dispatch can reduce travel time for the specialized team while the pa-
tient, transported by a standard ambulance, also heads toward a nearby facility. By
splitting responsibilities and minimizing total transfer distances, rendezvous strate-
gies allow further intervention to be initiated sooner, although they demand high
coordination and face the logistical challenge of synchronizing movement for both
medical staff and patients as well as requiring more EMS resources.

Pre-hospital approach goes a step further by taking the advanced intervention di-
rectly to the scene of patient. In this scenario, specialized teams and portable
devices are dispatched immediately, for hospital transfer before initiating the pro-
cedure. This strategy can notably increase access for populations that would other-
wise lie beyond the 60-minute threshold; however, it also involves extensive resource
commitments, training requirements, and the complexities of performing advanced
procedures in non-local settings. When evaluated through a transport lens, each of
these three strategies can be seen as a logistics strategy, where in-hospital one is the
simplest single-tier mode, rendezvous parallels the concept of hub-and-spoke, and
pre-hospital model is a mobile hub supplying advanced care at the point of demand.

6.1.2 Facility Location Optimization and Resource Alloca-
tion

Chapter 4 expanded on the theme of Chapter 3 by applying spatial modeling and
facility location optimization to emergency care planning. Using a maximal cover-
age problem (MCP) framework—augmented by continuous, time-dependent survival
curves—the chapter explored how to best position or allocate specialized medical
resources in a large metropolitan area like Sydney when implementing rendezvous
strategy. Traditional binary coverage measures are limited in that they ignore how
each additional minute of delay can diminish the probability of survival. By con-
trast, using a logistic survival model as an impedance function provided a more
nuanced view of coverage.

The analysis indicated that the rendezvous strategy can improve the service cover-
age significantly. Also, placing advanced equipment capabilities at select nodes or
stations, rather than restricting all resources to hospitals in high-population-density
regions, can substantially raise the share of patients served within an hour. This
approach is particularly potent when paired with parallel or mobile deployments, for
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example rendezvous strategy. Additionally, the modeling revealed that many areas
within a strict coverage boundary can still achieve improved outcomes if their travel
times are reduced by even a few minutes. The chapter thus underscored how strate-
gic placement of specialized teams, guided by data on historical incident locations
and realistic travel speeds, can optimize population-wide survival benefits.

6.1.3 Dynamic Simulation for Real-Time Dispatching

In Chapter 5, the focus moves from long-range delivery strategy and location plan-
ning to operational-level decisions concerning vehicle fleets and dispatch policies.
Recognizing that specialized vehicles dedicated exclusively to high-acuity patients
risk underutilization, this chapter employs an agent-based simulation to capture dy-
namic interactions among ambulances, patients, and the dispatch system. Within
this simulation, different vehicle types—including standard ambulances and those
equipped with specialized, advanced life-support devices—are evaluated to deter-
mine how their assigned roles can accelerate or hinder response times.

The results reinforce earlier findings (see Chapter 3), showing that introducing spe-
cialized vehicles sharply improves outcomes for the patient population they target.
However, committing too many resources to specialized functions can undermine
system flexibility if advanced equipment remains idle or demand for it is lower than
expected. Dispatch policies that narrowly constrain specialized units to their target
incidents minimize misuse but may leave standard ambulances overwhelmed when
faced with multiple routine calls. More permissive policies, on the other hand, can
spread advanced resources too thin by allowing them to respond to lower-priority
incidents, potentially delaying critical care for truly severe emergencies. A moder-
ate approach—one that preferentially assigns specialized units to high-severity cases
yet permits these vehicles to assist with general calls when otherwise idle—generally
yielded the most balanced and efficient outcomes. This interplay between vehi-
cle composition and dispatch strategy underscores the value of carefully managing
specialized and general-purpose ambulances alike, ensuring robust coverage and re-
sponsiveness across the EMS system.

6.2 Contributions to EMS Logistics

One of the main contributions of this thesis lies in bridging transportation and
medical logistics. By reframing EMS challenges—like resource accessibility or spe-
cialized ambulance utilization—into classic logistics concepts (e.g., facility location
problems, or dynamic vehicle dispatch), the research demonstrates how established
models from transportation engineering can be leveraged to address life-critical prob-
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lems. This cross-disciplinary approach enriches both fields: medical practitioners
gain access to sophisticated analytics tools, while logistics scholars discover new
contexts with direct societal impact.

6.2.1 Insights and Advancements from Each Chapter

By contrasting in-hospital, rendezvous, and pre-hospital extracorporeal membrane
oxygenation (ECMO) cardiopulmonary resuscitation (ECPR), Chapter 3 elucidates
how each approach impacts spatial coverage, survival likelihood, and operational
complexity. In-hospital ECPR, while logistically straightforward, is geographically
restrictive. Rendezvous and pre-hospital ECPR strategies extend reach by reducing
total transport or initiation times. The pre-hospital strategy demonstrates the high-
est performance but requires large ambulances equipped with ECPR devices and
trained paramedics capable of operating outside the hospital environment. Con-
versely, the rendezvous strategy avoids additional staff training or ambulance pur-
chases but occupies two teams simultaneously. These findings underscore the need
for strategic flexibility in EMS logistics to adapt to varying emergency scenarios and
enhance patient outcomes.

Building on Chapter 3, Chapter 4 introduces a maximal survival problem that ex-
amines how facility locations influence system performance through a tailored deliv-
ery strategy. Incorporating real-world constraints, such as time-dependent survival
rates, a limited number of specialized teams, and equipment positions, yields a
more nuanced measure of effective coverage. This chapter reveals that the ren-
dezvous strategy not only expands coverage but also enhances survival expectations
for individuals already covered by the in-hospital strategy. Optimizing facility lo-
cations further improves ECPR efficiency, with certain candidate locations signif-
icantly boosting overall survival rates. However, an excessive number of facility
options diminishes problem-solving efficiency while providing marginal benefits.

In contrast to the previous chapters, Chapter 5 narrows its focus to the operational
scale, evaluating logistics strategies for various vehicle types. This chapter highlights
the importance of targeted and adaptable dispatch policies. The interaction between
vehicle composition and policy rules—such as reserving advanced vehicles for spe-
cific incidents or allowing them to respond to any call—has a substantial impact on
performance, even when facility locations remain unchanged. A higher ratio of spe-
cialized ambulances improves average survival rates if these ambulances also provide
standard first aid for typical incidents. However, if they respond only to targeted
incidents, their ratio must be carefully managed; an excess of specialized ambu-
lances waiting for rare incidents leads to inefficient resource utilization, negatively
impacting other types of incidents. Thus, even with effective delivery strategies and
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optimized facility locations, dispatch policies remain a critical consideration.

6.2.2 Synthesis of Insights Across Chapters

Taken collectively, the three chapters offer a multi-layered perspective on how logis-
tics strategies shape EMS effectiveness. Chapter 3 provides a macro-level blueprint
for alternative delivery pathways, clarifying how each approach modifies access
times. Chapter 4 delves deeper into spatial modeling to identify how specialized
team locations can optimize survival outcomes. Finally, Chapter 5 focuses on the
operational dimension, exploring how dispatch tactics influence the real-time uti-
lization of specialized vehicles.

These layers are mutually reinforcing:

From Chapter 3 to Chapter 4: Understanding that pre-hospital or rendezvous ECPR
strategies can extend coverage informs facility location optimization. By identify-
ing the baseline potential of each strategy, planners can determine how many pre-
hospital units or rendezvous sites are realistically necessary.

From Chapter 4 to Chapter 5: While facility location optimization highlights where
and how many advanced vehicles to position, agent-based modeling (ABM) of dis-
patch policies captures day-to-day feasibility. An optimal delivery strategy might
falter under real-world conditions if multiple calls occur simultaneously, emphasizing
the need for nuanced dispatch policies.

From Chapter 5 back to Chapter 3: Observing how specialized vehicles are utilized in
real-time further refines decisions about which delivery model to scale. For example,
a system heavily reliant on pre-hospital vehicles but lacking supportive dispatch
policies may underperform, whereas a rendezvous model could be more cost-effective
if advanced vehicles are dynamically reallocated.

Ultimately, integrating insights from all three chapters reveals that EMS logistics
strategies cannot be reduced to a single dimension, such as resource placement or
policy choice. Success depends on a synchronized approach: selecting an appropriate
delivery framework, aligning facility locations and resource levels with that frame-
work, and tailoring dispatch policies to maintain responsiveness under real-world
conditions.

6.3 Limitations and Future Work

Designing logistics strategies for emergency medical services confronts inherent lim-
itations arising from shifting technological capabilities, changing patient needs, and
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system-level complexities. While this thesis has attempted to integrate advanced
vehicle types, evolving delivery models, and facility location optimizations under
one conceptual framework, several dimensions remain outside its scope and offer
opportunities for further investigation.

6.3.1 Evolving Treatment Technologies and Vehicle Config-
urations

In this thesis, two vehicle types and three incident categories were used for demon-
stration purposes. However, EMS agencies often manage a broader range of emer-
gencies and may deploy numerous specialized vehicles. The concept of a modular
ambulance, where on-board equipment can be rapidly reconfigured to meet specific
clinical needs such as installing triage kits or air filtration units, holds considerable
promise (Liu et al., 2020; Pena et al., 2025). Future research might explore how
modular ambulances could streamline inventory management, reduce duplication of
resources, and optimize staff training, thereby creating a more flexible, responsive
EMS system.

6.3.2 Integration of Multiple Delivery Modes

Although some chapters discussed delivery strategies (e.g., rendezvous vs. pre-
hospital strategies), the actual array of possible “modes” for EMS extends fur-
ther—helicopters for lengthy transport (Michaels et al., 2019), drones for small
medical kit delivery (Zailani et al., 2021), or motorbikes for rapid initial stabilization
(Yılmaz et al., 2025). These modes also interact with each other; for instance, Mo-
torbikes allow responders to navigate congested urban areas more swiftly, initiating
care ahead of the main ambulance; drones can ferry essential medications or devices
to the scene, buying time until a full clinical team arrives. The multimodal EMS
framework is further advanced by aerial technologies, including electric vertical take-
off and landing (eVTOL) flying ambulances, which facilitate rapid patient transport
while circumventing surface-level constraints (Goyal and Cohen, 2022), and drones,
which offer reliable and timely delivery of perishable medical supplies (Lakhwani
et al., 2025). Notably, patients receiving aerial medical services have demonstrated
improved survival outcomes compared to those relying solely on ground-based emer-
gency transport (Andruszkow et al., 2013). Given the diversity of emergent events
and geographic contexts, future modeling could delve into multi-modal dispatching
algorithms that optimize the synergy among different types of resources.
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6.3.3 Dynamic System Inputs and Uncertainty in EMS Mod-
eling

A significant limitation of this thesis lies in its assumption of static conditions for
travel time, incident frequency, and resource availability. In practice, EMS oper-
ations are affected by dynamic and uncertain inputs—such as traffic congestion,
demand surges, and varying patient acuity. Recent studies have applied real-time
traffic data and predictive analytics to improve EMS routing and resource alloca-
tion (Ji et al., 2019). In parallel, stochastic models have been proposed to capture
demand and travel time uncertainty more realistically, enhancing decision robust-
ness under variable conditions (Stratman et al., 2023; Yoon et al., 2021). AI-based
decision-support models can help operate EMS systems more efficiently and effec-
tively by learning from historical data and adapting to contextual changes (Tluli
et al., 2024).

6.3.4 Additional Resource Requirements

Although alternative strategies—rendezvous strategy—show promise in enhancing
timeliness and survival rates, each innovation may demand additional resources that
can temper or even undermine its potential benefits. For example, integrating au-
tonomous vehicles into an EMS fleet could significantly reduce driver fatigue, lower
operational costs over time, and optimize routing. Yet, strict regulatory controls
could limit widespread deployment. Similarly, a broader fleet of drones or motor-
bikes might improve on-scene arrival times but necessitate extra budgets for pilot
training, maintenance, and regulatory compliance. These constraints underscore
the importance of conducting cost-benefit analyses and staff readiness assessments
before fully committing to new, resource-intensive capabilities.
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