
Universidad Autónoma de Nuevo León
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Salvador, Saúl y Emmanuel, que me dan sus buenas vibras siempre y me llenan
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(SECIHTI) por la beca de manutención que me fue otorgada, con la cual pude

facilitarme mis estudios al utilizar ese ingreso en transporte, alimentos e incluso en

la investigación que durante cuatro años estuve realizando. Además, parte de mi

investigación fue financiada por el Proyecto CF2023-I-880 del Programa de Ciencia

de Frontera de la SECIHTI.
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T́ıtulo del estudio: Locating and Dispatching Two Types of Ambulances

Considering Partial Coverage: Stochastic Integer Programming

Models and Heuristics.

Número de páginas: 101.

The thesis aims to study a decision-making problem on the Emergency Medical

Service (EMS) systems and design and implement algorithms to solve it. The

objective is to improve Mexico’s 9-1-1 call emergency system by locating and dispat-

ching ambulances to maximize patient attention at the minimum possible response

time. The system is subject to uncertainty, as we do not know when, where, or

how many emergencies there will be in the system. That is why we consider this

uncertainty as part of the modeling assumptions. The problem we studied is referred

to as the Emergency Vehicle Covering and Planning Problem (EVCPP), which is

mathematically modeled as a two-stage integer stochastic program. In the first

xvi
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stage, the location of the ambulances must be determined prior to the occurrence of

the accidents. Then, after the accidents become known, the ambulance dispatching

decisions are taken in the second stage.

In order to address this problem, a mathematical model aiming at maximizing

expected coverage is initially proposed, which is tested on relatively small instances

with nearly 100% success. As the size of the instances increases, the gap between

the best solution found and the best bound found increases. Consequently, to

address larger instances, a methodology referred to as Surrogate-based Feedback is

introduced. This methodology makes ambulance dispatch decisions without taking

into account the type of coverage considered in the first model. Efficiently and

optimally determines ambulance locations and dispatches; however, it cannot be

guaranteed that these represent the optimal solutions to the EVCP problem, but it

yields improvements when applied to larger instances. Lastly, a heuristic algorithm,

named Scenario-based Matheuristic, is proposed and evaluated across instances of

varying sizes. The results indicate that, for larger instances, although improvements

are observed, they are comparatively modest compared with those achieved by the

second methodology.

One of the main contributions is the introduction of partial coverage to this

type of model. When discussing accident coverages in general, especially in problems

that handle stochastic programming due to the uncertainty present in the EMS

system, it usually refers to whether a demand point is covered or not. The uncertainty

already makes this problem challenging, and managing more decisions related to

different types of coverage further complicates it. However, we consider that a

demand point can be uncovered or covered in various manners, which we categorize

as total, total-late, partial, and partial-late, depending on the type of ambulances

dispatched and the time it takes for them to reach each demand point.
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The novelty of involving different types of coverage in our problem is that, in

addition to considering various scenarios having variability to address the existing

uncertainty, we provide the system with the flexibility to have greater ambulances’

availability to attend to more patients, even if it is as a first response. After

stabilization, patients can receive more appropriate care, either by an ambulance

with better equipment that arrives later or by being transported to a hospital.

Another contribution is the proposal of a surrogate model, which enables us

to develop a surrogate-based solution technique. This methodology makes decisions

about the location and dispatching of ambulances without considering the type of

coverage present at each demand point. By not considering partial coverage in this

methodology, an initial solution for the first model can be obtained in a shorter

computational time. Once this solution is achieved, the location of the ambulances

is taken and their quality is evaluated considering the dispatching that would occur

if the type of coverage from the first model is considered. The advantage of this

methodology is that there are improvements in the first model solution when larger

instances are considered. In addition, we also propose a heuristic algorithm, in which

we consider enhancing the solutions of this methodology.

The solution method was fully assessed in a wide collection of problem instan-

ces.

Firma del director:

Dr. Roger Z. Ŕıos Mercado

Firma del co-director:
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Chapter 1

Introduction

Emergency Medical Services (EMS) systems provide medical care for people who

suffer a medical incident. These systems control emergency call services received

at the emergency number established for emergencies, commonly 9-1-1. Typically,

9-1-1 emergency systems consist of two phases. As we can see in Figure 1.1, the

first phase is the response to an emergency call: an operator responds to the call

and identifies the type of emergency, such as medical, security, or fire. The operator

asks some questions to identify the type of emergency (dismissing prank calls) [46].

If the patient needs medical attention, the operator contacts an ambulance (usually

the nearest from a public institution) and asks for attention at the emergency scene.

The second phase is the response of an ambulance: paramedics prepare to go to

the emergency scene, the ambulance is equipped with the material resources needed

to attend to the patient, the ambulance leaves its base, arrives at the scene, treats

the patient, leaves the scene and arrives at a hospital (commonly the nearest) if

necessary, and finally returns to its base to wait for another emergency call [24].

The complex decision-making process involved in EMS systems have motivated

a plethora of research work on operational research models and algorithms in the

last decades [1, 8, 58]. Scientists are concerned about the impact of calls emergency’

1
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Figure 1.1: An Emergency Medical Service System Process.

average response time for attending a patient who suffers a medical incident. More-

over, the cost of purchasing material resources, medical vehicles, or building a new

medical facilities, among other things, can limit patient service [39]. Lack of human

and material resources can cause insufficient attention in patients [2, 32, 42].

One of the most studied performance measures is reducing the average response

time when an emergency call arrives at a call center and someone needs medical

attention [17]. The objective is to provide, as soon as possible, the initial treatment

for a patient who has a medical problem caused by an accident, trauma, or a natural

disaster to reduce the mortality of the patients. Clearly, there are some situations

where shorter response times lead to better survival rates. Another objective that

EMS system problems consider is to maximize coverage to handle all emergency

calls that enter the system [22]. In addition, there are some problems that consider

improving patient survival or reducing the patients’ mortality [73].

Our interest is in the EMS systems within the Mexican Healthcare System. In

Mexico, there exists the 9-1-1 number controlled by the C-5 organization (Integrated

Coordination, Control, Command, Communications, and Computing Center), which

receives emergency calls. Some calls are for medical emergencies, others for police
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emergencies, and others for fire emergencies. When a call enters the system and an

operator decides that it is a medical emergency, the operator has to determine if it

is necessary to send an ambulance or not. In addition, a doctor can continue the

call to guide the person on the phone if the patient needs immediate attention while

the ambulance arrives. Paramedics take care of the patient on site and then transfer

the patient to a hospital if needed [29].

The particular problem under study has a number of features that are further

discussed in detail in Chapter 3. Some of these involve handling two different types

of ambulances, consideration of partial coverage, scenarios for accidents’ uncertainty,

response time from potential sites to demand points, among others. For this par-

ticular problem, we propose a two-stage stochastic integer programming model

with recourse for ambulance location and dispatching, considering two types of

vehicles to solve those problems. The following sections present the background

investigations about EMS systems (Chapter 2) and the usually used models. We

describe the problem and the factors that affect the EMS system in Mexico (Chapter

3). In addition, we describe (Chapter 4.3) the instance generation and experimental

assessments. Then, we solve the problem and define the model (Chapter 4.5) used

to do the experiments. Finally, we show conclusions (Chapter 5) that we obtain

from experiments described in the previous section. In this section, we also propose

future work.

1.1 Motivation

Our interest is to improve the Emergency Medical Service System in Mexico, parti-

cularly in Nuevo León. World Health Organization establishes that there must be

four ambulances per 1,000 people, which is not available in all states of our country.
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Due to the lack of available ambulances, emergency calls are answered late.

However, buying more ambulances so that there are more available to distribute

is not sufficient [56]. Improving the distribution of ambulances and locating and

dispatching them in a better way could improve the EMS systems.

1.2 Problem description

We address a problem where we must locate a limited number of ambulances of two

heterogeneous types at different city points and dispatch them to the sites where

accidents occur. Our problem considers the uncertainty of the accident (demand

points). Our goal is to optimize total and partial coverage, in which patients

receive medical first aid. We propose a two-stage integer stochastic program for

this problem. In the first stage, the location of a limited number of ambulances

of two types is decided. In the second stage, the dispatching of the ambulances

to accidents is determined. This stochastic model allows for partial coverage of

accidents by ambulances based on a decay function.

1.3 Hypothesis

The hypotheses of this thesis focus on the implementation of partial coverage within

an EMS system under uncertainty and the use of a surrogate model for an initial

approach to an optimal response. These hypotheses are detailed below:

• The introduction of different types of coverage in a stochastic integer progra-

mming problem allows for a greater reach in patient coverage by expanding the

ability to cover more demand points when considering partial coverage. Using
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this model, which focuses on the type of coverage for each demand point, the

number of uncovered points can be minimized, thus potentially saving more

lives.

• A surrogate model for this problem allows to significantly reduce the compu-

tational time required to obtain an initial response and can serve as an initial

solution for further improvement.

1.4 Objectives

This investigation aims to improve an Emergency Medical Services System consi-

dering partial coverage. The main idea is to obtain an optimal ambulance location

and optimal policies for ambulance dispatching. The problem under study includes

different factors that affect the system. Those factors are:

• The gravity of the accident, which can be categorized into basic care, which

refers to those that do not pose a threat to the patient’s life, and advanced

care, which requires immediate first aid to stabilize the patient and prevent

life-threatening conditions;

• Two different ambulance types, which are ambulances for basic life support

(BLS) and ambulances for advanced life support (ALS);

• There is variation in demand points depending on the day of the week and the

hour of the day, which can be considered different scenarios.

The objectives of solving the problem under study are the following:
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• To provide a scenario-based stochastic program integer model with resources

considering partial coverage that includes all factors we described above. The

objective of this model is to maximize the expected coverage for the accidents.

• To develop a solution methodology for large scale instances, which achieves

solutions in reduced computational time. This methodology obtains a feedback

approach for the model proposed.

• To implement a heuristic algorithm that improves the solution found in the

previous methodology, which features different neighborhoods that should be

explored to achieve more significant variability in the decisions regarding the

location of ambulances.

1.5 Contributions

Summary of research contributions:

• We present a maximum expected coverage model considering partial coverage.

To this end, we use a decay function to handle partial coverage. Although

decay functions have been used in facility location problems, to the best of our

knowledge, this is the first time they have been used in a stochastic ambulance

location problem.

• We develop a surrogate model that is faster to solve, facilitating the solution

of the problem.

• We propose a location-allocation method based on intelligent exploitation of

the surrogate model solution.

• We introduce a heuristic approach to improve the surrogate model solutions.
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• We present empirical evidence that shows: (i) the benefit of considering gradual

coverage, (ii) the value of the stochastic solution, and (iii) the effectiveness of

the proposed solution method.



Chapter 2

Background

Emergency Medical Services (EMS) systems provide basic but urgent in-situ medical

care for people who suffer a medical incident and then transport patients to hospitals

[6, 11, 60]. When scientists talk about EMS systems, many terms are used to explain

the problem. Two of these terms are demand points and potential sites for locations.

Demand points are sites where an accident occurs. Typically, there is a different

demand for each point, depending on the number of calls made within a period.

Potential sites are places where a vehicle (ambulance) could be located if necessary

to cover some demand points, either statically or dynamically.

The first phase of an EMS is the response to an emergency call by an operator

that identifies the emergency type: accident, medical, security, fire, etc. The second

phase is dispatching one or several ambulances to the emergency scene to provide

urgent medical care. Some emergency situations, such as a multiple-car accident,

may involve several people; thus, more than one ambulance could be needed. More-

over, different types of ambulances may be required in an emergency. In our par-

ticular case, we consider two types: Basic Life Support (BLS), usually with two

Emergency Medical Technicians (EMTs); and Advanced Life Support (ALS) units

with an EMT, an advanced EMT, and one or two paramedics. The third phase

8
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involves the treatment of the patients by paramedics and their transport to a hos-

pital [6].

EMS systems in developing countries, such as Mexico, lack around 30-60%

[26, 56] of the number of ambulances suggested by the World Health Organization

(WHO), which is at least four ambulances per 100,000 people [19]. For the Cruz

Roja, an EMS operating with this small number of ambulances is considered similar

to a war situation. Thus, one of the main contributions of this work is to deal with

the problem of deciding whether an emergency will be totally or partially covered.

Sadly, some emergencies may remain uncovered by an emergency unit.

In general, the main objective of emergency vehicle planning problems is to

reduce the average response time of a patient’s initial treatment administered by

a paramedic in an emergency [4, 9, 67, 68]. In fact, the speed and number of

ambulances dispatched to accidents are crucial. Each ambulance has a response

time for travel from the potential site where it is located to the demand point where

the patient will be taken care of. Every minute of delay in treatment in a cardiac,

for instance, reduces the probability of survival by 24% [57].

There are many models to solve the problems of EMS systems divided into

deterministic, probabilistic, and stochastic problems, which use different solution

methods to solve them [20], and can be static and dynamic problems. The first

problem that we studied is one of the static and stochastic ones.

There are many models that have been developed to address EMS systems.

These can be divided into deterministic and stochastic models. Within models

that handle uncertainty, there are models based on queuing theory concepts and

others based on mathematical programming approaches. Models are also classified

as static or dynamic. All of these different approaches involve different solution
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methodologies [20]. In particular, in this thesis, we consider a stochastic static

model modeled as a stochastic integer programming model.

2.1 EMS models

In the literature, two important types of models are used to address issues in EMS

systems: static models and dynamic models. Static models represent a specific

moment in time and do not consider changes that occur over time. In contrast,

dynamic models include time as a variable and can simulate how a system evolves

over time.

Static models are employed within EMS systems to allocate ambulances that

remain stationed at their bases. These models typically utilize a response time

to evaluate whether a demand location is adequately serviced. By focusing on

a specific point in time, static models improve the decision-making process for

ambulance deployment [13]. However, they often overlook variations in demand

and the need for ambulance relocation in dynamic circumstances. These limitations

can be effectively addressed through mathematical programming, queuing theory,

and simulation models, some of which are stochastic while others operate based on

discrete events [1, 45].

In this section, we will explore static models in detail, highlighting their essential

role in improving ambulance localization. Additionally, we will survey the most

significant models relevant to our investigation. Accurate localization is critical for

emergency response, as it directly impacts response times and patient outcomes.
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2.1.1 Deterministic models

There are two early models for static problems: Location Set Covering Model

(LSCM) [62] and Maximal Covering Location Problem (MCLP) [23], which are

problems focused on covering the maximal demand points in the entire zone. Howe-

ver, over time, these problems evolved according to the needs of the Emergency

Medical Services, as will be defined below.

Deterministic models were proposed to solve static problems because some-

times emergency calls need to be attended for different vehicle types. Most of the

demand points are covered once, like Backup Coverage Problems [30, 38] or the

Double Standard Models [27, 31, 33], which uses two different radii of coverage [47].

Alternative deterministic models are the tandem equipment allocation model or the

Facility-Location Equipment-Emplacement Technique model [63], which consider

two types of vehicles (one for BLS and another for ALS), or the fact that sometimes

more than one ambulance has to be located on a potential site to maximize that a

demand point is covered twice.

In their research, Berman et al. [14] introduced a decay function to classify

coverage into three categories: full, none, and partial coverage, within a generalized

the MCLP model. They added a weighted demand for each node covered, considering

the distance between facilities and demand points. The objective aims to maximize

the total demand weight covered by all facilities when a determined number of

facilities are located.

Karasakal and Karasakal [43] introduced partial coverage for the MCLP pro-

blem. This problem aims to maximize the coverage level for all demand points,

deciding where to locate a certain number of facilities within the available potential

sites. The model was based on a p-median formulation and classified coverage into
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three levels: totally covered, partially covered, and not covered, and they define their

problem as the MCLP-P problem. They propose a monotonic decay function that

decreases according to the distance between the facility and the demand point for

partial coverage. The distance between a facility and a demand point must be less

than or equal to the maximum full coverage distance established to consider total

coverage. Demand points are considered not covered for a facility if the distance

between the facility and the demand point is greater than or equal to a maximum

partial coverage distance. To solve the MCLP-P problem, they used a Lagrangian

relaxation based solution procedure.

Jian et al. [41] used an extension of the MCLP Problem to maximize coverage

for fire emergencies establishing a travel cost between potential sites and demand

points. This extension considers a partial distance and quantity coverage for multi-

type vehicles to locate and dispatch them. The partial distance is calculated with

a decay function that decreases according to the increase in vehicle response time.

Quantity coverage determines whether an emergency is fully served or not, compa-

ring the number of vehicles dispatched with the necessary quantity. For this problem,

the authors consider demand priority to know where vehicles must be located and

the patient’s classification to decide how to dispatch them.

Comprehending the initial static location models is essential for our research

because they underscore the primary challenges in optimizing emergency services.

These models, including their advancements to deterministic and partial coverage

approaches, reveal problems that require more advanced solutions. The evolution

from basic coverage models to more complex ones, which factor in different vehicle

types, demand prioritization, and decay functions, emphasizes the importance of

addressing challenges in emergency services logistics effectively.
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2.1.2 Probabilistic models

There are two classes of models that attempt to handle uncertainty. We called

probabilistic models to those who introduce the modeling of some probabilities such

as probability that an ambulance is busy or available at a given time.

The pioneer models of this sort can be found since the 1980s. The Maximum

Expected Covering Location problem was introduced by Daskin [25]. In this model,

the authors use probabilities to determine if potential sites can operate and cover

demand points, considering the same probability for all potential sites. By incorpo-

rating these probabilities, the model can more effectively evaluate various situations

and optimize ambulance placement. An extension of this problem is the Adjusted

Maximum Expected Covering Location model [10], which considers different busy

probabilities for each potential site to dispatch the closest available unit. All these

models can use the hypercube queueing model to calculate the busy fraction [36].

Other models were proposed to maximize the coverage of the demand points

with a probability α used to calculate the busy fraction; one of them is the Maximal

Availability Location problem (MALP) I, which considers that the busy fraction is

the same for all potential sites. Additionally, there is the MALP II, which utilizes

the hypercube model and assumes different busy fractions for each potential site [61].

Moreover, there is the Queuing MALP, which employs a queuing theory model to

determine server availability [49].

There exist more probabilistic models introduced in the 1990s. The first is

an extended version of the LSCM called Rel-P [8]; this version considers that more

than one ambulance can be located at the same potential site, but each potential

site has a probability to have ambulances that are available to respond to a call and

considers the probability of the busy fraction, too.
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The second model is the two-tier model, which considers two types of vehicles

to allocate at potential sites (BLS and ALS) [48], considering two different coverage

radii and having an associated probability for the combination of how many ALS

vehicles can be located at the radius A, how many ALS can be located at the radius

B, and how many BLS vehicles can be located at the same radius B for each demand

point.

McLay and Mayorga [52] researched the EMS systems of Hanover, Virginia. All

these investigations about Hanover, Virginia, were applied to this county to obtain

practical solutions, but all models can be used to any other EMS system changing

data inputs. The first research focuses on considering a new approach to calculate

the Response Time Threshold (RTT), a class of EMS performance measure. The

approach uses the patient survival rate, considering that patients have cardiac arrest

and random response times that depend on the distance between demand points and

potential sites instead of patient outcomes, which is most used. Then, they use these

measures on a hypercube model to evaluate different RTTs needed to input a model

that considers fire stations and rescue stations to be potential sites where ambulances

could be located and distributed in Hanover’s rural and urban areas. This model

optimizes the location of ambulances on potential sites to maximize patient survival.

When talking about optimizing EMS systems, one can also speak about dis-

patching. Bandara et al. [9] considers demand priorities for the different emergency

calls arriving at the system. The objective is to maximize the patient’s survival

probability when an ambulance is dispatched to demand points, calculating a reward

for each dispatch. They used a Markov Decision process model formulation to

determine the optimal dispatching strategies for an EMS system.

Toro-Dı́az et al. [67] involves location and dispatching decisions for EMS vehi-

cles in the same mathematical model with two focuses, minimizing the mean response
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time that takes since an emergency call is received and maximizing the expected

coverage demand, using a continuous-time Markov Decision process to balancing flow

equations needed to control the busy fraction for each ambulance. Balancing these

equations takes exponential time, and authors consider a genetic algorithm to obtain

some solutions and combine them to create new solutions to reduce computational

time. This genetic algorithm was applied to Hanover, Virginia, and when they

have midsize problems, the nearest dispatch rule is the best solution. It can vary

depending on the zone where it is applied.

Enayati et al. [28] continue the investigation mentioned before incorporating

different levels of call emergencies in the decision-making process. They employed a

multicriteria optimization approach to analyze solutions derived from various fairness

objective functions while simultaneously addressing efficiency within a realistic ser-

vice system characterized by multiple demand types. Authors allow that more than

one available ambulance per location site can cover each demand zone, considering

a preference dispatching list. A genetic algorithm is used with a queuing submodel

that accounts for busy probabilities of the ambulances.

Amorim et al. [4] involve a simulation considering an initial solution to decide

if ambulances have to stay at the potential sites established when the mathematical

model is solved or if some of them have to be moved to another potential site. To

decide how to proceed, they used different day’s period times when traffic in the

city is changing on each week’s days, which they called scenarios, to maximize the

patient’s survival.

Transitioning from probabilistic models to scenario-based models in the ma-

nagement of EMS systems management provides a more practical and realistic

approach for addressing uncertainty [3, 59, 72]. Probabilistic models often require

assumptions about the likelihood of various events, such as the busy fraction of
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ambulances, which can be challenging to estimate accurately and may not adequately

capture the complexities of the real world. In contrast, scenario-based models

enable the incorporation of various demand and traffic conditions, allowing for

more realistic and flexible planning. Scenario-based models enable the design of

emergency response systems that are more operationally stable and adaptable to

varying conditions, leading to superior dispatching performance, as illustrated in

the next section [44, 65].

2.1.3 Stochastic programming models

A second class of models handling uncertainty are those based on stochastic progra-

mming. In this type of models, the different scenarios have an associated probability

of occurrence that is explicitly modeled. The random parameters are assumed to be

drawn from a probability distribution that may be continuous or discrete. Typical

models are stochastic programming models with recourse, robust optimization pro-

blems, or chance/constrained models. If the model employs integer variables, it is

called a stochastic integer program. In this section, we survey the most relevant

works based on stochastic programming approaches to EMSs.

In Boujemaa et al. [18], a two-stage stochastic model with recourse is proposed

for solving an ambulance location-allocation problem that decides if an ambulance

base station is open and the number of ambulances to locate at each station. The

first stage of the model determines where to open ambulance stations with a fixed

cost to open them. For the second stage, allocation is determined considering the

expected traveling cost from ambulance stations to demand points. A demand point

is considered covered if an ambulance station is within a threshold value. And

some important factors that they included are two different demand types: life-
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threatening calls and non-life-threatening calls; two ambulance types: ALS and

BLS; and scenarios structured by two data for each demand point: number of life-

threatening calls and number of non-life-threatening calls, respectively. This problem

minimizes the ambulance location-allocation cost and is solved by a Sample Average

Approximation algorithm that allows computing lower and upper bounds for problem

solutions and providing the corresponding optimality gaps.

In 2019, Bertsimas and Ng [15] implemented a stochastic and robust formulation

for ambulance deployment and dispatch for a problem constructed as a graph. These

formulations were compared with Maximum Expected Covering Location problem

and Maximal Availability Location problems and aimed to minimize the fraction of

late-arrivals without requiring ambulances to be repositioned, sending to demand

points the closest available ambulance, and maintaining a call at a queue if there are

no ambulances available at the system. The demand has the problem’s uncertainty,

which was constructed by four demand types: single for each demand point, local

for the demand point and the nearest points, regional for a region of the entire zone,

and global for the whole area. They determined a deterministic equivalent model to

solve the stochastic formulation, and for the robust formulation, they developed a

column and constraint algorithm.

As an extension of the Double Standard Model mentioned in subsection 2.1.1,

Dibene et al. [27] created the Robust Double Standard Model. They added demand

scenarios to the original Double Standard Model problem. These scenarios divide

weeks into workdays and weekends, divided into four periods: night, morning,

afternoon, and evening. They added eight scenarios applied to optimize the Red

Cross Tijuana, Mexico system, increasing the coverage of demand points to more

than 95% locating ambulances at different points of the city that are not the original

bases.
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In 2021, Yoon et al. [71] studied a two-stage stochastic problem for locating and

dispatching two types of emergency vehicles: ALS and BLS. The first stage locates

the ambulances at potential sites, while the second stage dispatches ambulances

from the places where they were located to demand points when a call arrives.

The objective is to maximize expected coverage considering a penalty when a call

is not serviced. One difference from other problems is that the system manages

multiple emergency call responses, divided into high-priority and low-priority calls.

Any vehicle type can serve low-priority calls. However, high-priority calls have two

options for the service: the first option is that these calls can be responded by an

ALS ambulance. The second option is that a nearby BLS ambulance can service the

call first, followed by an ALS ambulance that is not necessarily closed. A Sample

Average Approximation deterministic equivalent formulation solved this problem for

small data, while a Branch-and-Benders-Cut algorithm solved a large-scale problem.

And they did another problem version considering non-transport vehicles that can

attend patients without translating them to hospitals.

Some works propose stochastic programming models based on call-arrival sce-

narios as a bundle of calls, the total number of emergency calls in each demand node

during a given period. As in this thesis, a two-stage stochastic program deploys

the ambulances in the first stage and dispatches them to respond to demand in the

second stage. Beraldi and Bruni [12] and Noyan [55] induce a reliability approach

using probabilistic constraints. Nickel et al. [54] minimize the total cost of locating

ambulances while ensuring a minimum level of coverage. By considering a bundle of

calls, they address the volume of calls during a short period, such as the friday night

hours. Bertsimas and Ng [15] implemented stochastic and robust formulations for

ambulance deployment and dispatch to minimize the fraction of late arrivals without

requiring ambulances to be relocated, sending to demand points the closest available

ambulance, and maintaining a call at a queue if there are no ambulances available
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in the system.

2.2 Heuristics, metaheuristics and

matheuristics

Recent advancements in the field of heuristics have significantly influenced the

approach to stochastic combinatorial optimization problems, which are defined by

their inherent uncertainty and discrete nature. In the past decades traditional

optimization methods often fall short in effectively addressing these challenges;

hence, heuristics have emerged as a powerful alternative. Recent trends highlight the

development of hybrid metaheuristics that combine multiple approaches or integrate

exact methods, adaptive metaheuristics that dynamically adjust parameters based

on intermediate results, and multi-objective optimization techniques to manage

conflicting objectives [35].

In terms of EMSs, we have seen some successful heuristic approaches. Mayorga

et al. [50] proposed a constructive heuristic to implement districting/dispatching

strategies that improve the patient survival probability depending on the response

times. The ambulance location remains fixed, and the dispatching decisions consider

a patient’s priority.

Toro-Dı́az et al. [68] aim to minimize the mean response time in an EMS

system by addressing a queuing model through a Tabu Search technique. Their

approach utilizes a non-linear stochastic mixed integer programming model that

considers the busy fraction of each open station where multiple ambulances are

located. However, the queuing sub-model, which represents a finite-state continuous-

time stochastic process, proves to be particularly challenging to solve for large-scale
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systems. Consequently, it is crucial to apply the previously proposed heuristic to

determine the value of the objective function.

Chanta et al. [21] present a novel approach to optimize the location and

dispatch of emergency response units. The proposed methodology combines Tabu

Search with an embedded queuing model to address both the spatial placement of

units and the dynamic dispatching decisions necessary to respond to emergencies

effectively. By incorporating queuing theory, the model accounts for the stochastic

nature of emergency incidents and response times, resulting in a responsive and

efficient emergency service system. This hybrid approach demonstrates significant

improvements in minimizing response times and maximizing coverage, which is

crucial for effective emergency management.

While there is limited information regarding heuristics specifically for solving

two-stage integer stochastic programming models, it’s evident that other techniques

have garnered more extensive study. However, as previously mentioned, researchers

utilize heuristic processes to optimize specific aspects of the proposed model. By

leveraging these heuristics strategically, we can enhance specific functionalities within

the model, leading to improved overall performance in addressing the challenges

posed by stochastic programming in EMS systems. All the information gathered

will be used collectively to formulate a novel problem that can integrate and utilize

the knowledge and strategies mentioned above. This approach aims to provide an

advanced and comprehensive method of optimizing EMS systems.

2.3 Contribution

From the modeling perspective, the novelty of this work is to introduce a stochastic

programming model that considers both the coverage maximizing that could be total
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or partial, and the location and dispatching of different types of ambulances. To the

best of my knowledge, some of these have been addressed but not all in the same

modeling framework. When a BLS ambulance is dispatched to an emergency that

requires ALS, it can reduce the patient’s survival. Thus, this work considers that

ALS ambulances can be used as BLS units, but the contrary is not allowed [7].

There are a few works dealing with different types of ambulances as we do in

this work. McLay [51] determines how to optimally locate and use ambulances to

improve patient survivability and coordinate multiple medical units with a hypercube

queueing model. Grannan et al. [34] determine how to dispatch multiple types of air

assets to prioritized service calls to maintain a high probability of survival of the most

urgent casualties in a military medical evacuation by a binary linear programming

model. In Yoon et al. [71], two types of vehicles are considered, but one of them is

a rapid vehicle that cannot offer the first care services of an ambulance. Moreover,

neither of these works considers partial coverage of the calls.

We denote our problem as the Emergency Vehicle Covering and Planning

Problem (EVCPP) which consists of locating a limited number of two heterogeneous

types of ambulances in different city points and dispatch them to the accidents

(demand points), considering the uncertainty of accident points, so as to maximize

coverage (even if partially) with short medical first aid response time. In early works,

the location and dispatching decisions are made separately [11, 27, 70]. However,

there are also studies where these aspects are handled simultaneously as in Ansari

et al. [5], Toro-Dı́az et al. [68], and Amorim et al. [4].

The proposed stochastic integer program locates the limited number of he-

terogeneous types of ambulances in the first stage, and in the second stage, the

dispatching of ambulances to accidents is determined. The EVCPP stochastic model

allows partial coverage of accidents by ambulances based on a decay function [41].
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Similarly to Yoon et al. [71], we generate the call-arrival scenarios by sampling

emergency call logs to use them in the second stage of our stochastic model. In this

manner, we address the volume of calls during a short period, such as on Friday

night. Thus, time is not explicitly measured, and it is assumed that a vehicle can be

assigned only once during this high ambulance demand period [75]. Boujemaa et al.

[18] uses a bundle of calls but does not consider a heterogeneous ambulance fleet.

The methodological contribution consists of two solution procedures. The first

proposed algorithm is based on the solution of a surrogate model and is aimed at

small- to medium-scale instances. The second is a metaheuristic aimed at larger

instances. In fact, the proposed model can only be solved for relatively small

instances with a restricted number of scenarios. Thus, instead of decomposing the

model with Bender’s methods as is usually done [66, 74], we propose a location-

allocation methodology [64, 69] that relies on the solution of an auxiliary surrogate

model, which is faster to solve. We name this method a surrogate-based feedback

approach because the location of the ambulances obtained by this surrogate model

is used as input to the original model. Thus, we obtain high-quality solutions

in a reasonable time with an off-the-shelf solver without complex decomposition

techniques.

Some works use metaheuristic methods to solve their stochastic models. Toro-

Dı́az et al. [67] integrate location and dispatch decisions for EMS vehicles to minimize

the mean response time of an emergency call and maximize the expected coverage

demand, using a continuous-time Markov process to balance flow equations that

control the busy fraction of each ambulance. A genetic algorithm can solve midsize

instances. Some others, such as Amorim et al. [4], use simulation to determine

whether ambulances should remain at potential sites established by a mathematical

model or be relocated to another potential site to maximize patient survival. They
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work on a complete day period, while we focus on high-demand periods of some

hours.

In an attempt to tackle larger instances, we also develop a heuristic algorithm.

This heuristic is a local search procedure that enhances the solution to the ambulance

location obtained from the surrogate-based feedback approach, considering four

neighborhoods to explore different disturbances for the solution. The solution is

taken as an initial solution of the heuristic procedure; it is disturbed based on a

neighborhood proposed; each neighbor is evaluated at the proposed model, and a

local search procedure with a first-found criteria is done. Once the first local search is

completed for the first neighborhood, the next one is processed in the same manner,

and the same applies to the other two neighborhoods. The primary objective of

this heuristic is to explore various solutions that can enhance the objective function

values. By fixing the location variables, the model can evaluate the second phase

more efficiently.
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Problem description

The Emergency Vehicle Covering and Planning problem (EVCPP) locates a limited

number of two heterogeneous types of ambulances in different city points and dis-

patches them to emergency scenes, considering the uncertainty of the emergency

locations, to maximize the emergency total and partial coverage and the response

time in which patients receive medical first aid.

3.1 Description and assumptions

Let us formally describe the EVCPP. Let I be the set of possible demand points for

patients who need medical attention in a city or region. This set can be very large, so

we consider all the demand points observed in the historical data. In our case study,

|I| can be as large as 1500 demand points. Let L be the set of potential sites or

ambulance stations where ambulances could be located, such as hospitals, firehouses,

malls, or similar places where ambulances and paramedics can wait for emergency

calls. We consider instances with up to 30 potential sites for the experimental results.

Let K be the set of types of ambulances available in the system: the BLS (labeled

with index k = 1) and the ALS ambulances (labeled with index k = 2), which are

24
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limited by a known parameter ηk for each type k ∈ K. These ambulances must be

allocated to a potential site l ∈ L and dispatched toward a demand point i ∈ I if

there is an emergency situation.

The travel time of any type of ambulance from a potential site l ∈ L to a

demand point i ∈ I is given by rli. While it is true that these travel times may be

affected by many factors such as traffic conditions, within a specific time period where

the model is applied, vehicle speed is more or less constant. Thus, we assume that

these parameters are known following common practice in the literature. Ideally,

ambulances should arrive in less than τ minutes in a life-threatening emergency.

Usually, τ is a fixed value in the [8, 15] minute range. This work also considers that

the emergency is not covered if an ambulance takes more than a maximum time τmax

to arrive. In this case, unfortunately, the accident has likely been handled by other

means.

One special feature incorporated in our model is the consideration of allowing

partial covering. This is achieved by considering a gradual coverage decay function

that have not been used in stochastic ambulance location problems, to the best of our

knowledge. In our particular real-world setting, the number of available ambulances

is very scarce, which implies that when ambulances are needed, accidents may not be

fully covered. Therefore, it makes sense to consider the benefits of partial coverage

to help customers get urgent care. In the ambulance location literature, a total

coverage function is typically used.

Since the EVCPP aims to reduce the response time of the patient’s first medical

aid, even if it is in a partial or late way, we define a benefit decay function, based

on the defined by Berman et al. [14], that only depends on the response time of a
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location l ∈ L to any demand point i ∈ I:

cli =


1 if rli ≤ τ,

1− rli−τ
τmax−τ

if τ < rli < τmax,

0 if rli ≥ τmax.

Thus, cli=1 is the normal coverage definition if the ambulance can arrive in less than

τ minutes. However, if the ambulance i in location l can arrive at the emergency

in more than τ minutes but in less than τmax, then it takes a decreasing value with

respect to the number of minutes. That is, the farther the ambulance, the smaller

the value of cli. If an ambulance takes more than τmax minutes, then it is too far

and is not considered to able to arrive to emergency i from location l.

3.2 Information related to the scenarios

The operational level is represented by a set of scenarios Ω with a bundle list of

arriving calls. Each scenario ω ∈ Ω represents a set of emergencies in the demand

points. Thus, a scenario is defined by the number and type of ambulances needed

at each demand point. Recall that an ALS ambulance can be sent instead of a BLS

ambulance, but not vice versa. Thus, each scenario ω ∈ Ω indicates if there is an

accident at a demand point i ∈ I and provides the value aki related to the number

of ambulances required of type k ∈ K.

For each scenario ω ∈ Ω, let I(ω) ⊆ I contain only the demand points i ∈ I

where ambulances are needed, that is, where aki(ω) ̸= 0 for any k ∈ K. We define

five different types of ambulance coverage related to the response times for each

demand point i ∈ I(ω):
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• Total: the aki(ω) required ambulances of each type k are dispatched to i, and

all arrive in less than τ time.

• Total-late: the aki(ω) required ambulances of each type k are dispatched, but

at least one arrives between (τ, τmax) time.

• Partial: at least one of the aki(ω) required ambulances is not dispatched, for

k ∈ K, but all the dispatched ones arrive in less than τ time.

• Partial-late: at least one of the aki(ω) required ambulances is not dispatched,

for k ∈ K, but at least one of the dispatched arrives between (τ, τmax) time.

• Null: none of the aki(ω) required ambulances arrives in less than τmax time,

for k ∈ K.

Figure 3.1 illustrates a solution to the EVCPP considered in this work. Five

emergencies (red triangles) occur in the city during a rush hour period. There are

three ALS ambulances (blue) and four BLS ambulances (dark blue) located in the

city, which are dispatched to emergency situations. Emergency 1 has total coverage

as it needs one ALS and one BLS that arrive within the ideal response time (green

circle). Emergency 2 needs two BLS and one ALS. It has a total-late coverage

since one ALS and one BLS arrive after the ideal response time (orange circles),

while a BLS arrives within the ideal time. Emergency 3 needs one ALS and one

BLS. It has a partial coverage since only the BLS can respond to the emergency

within the ideal response time. Emergency 4 requires two BLS. It has a partial-

late coverage because only one ALS (replacing a BLS) arrives, but with a longer

response time than ideal. Unfortunately, Emergency 5 has a null coverage since

the BLS ambulance that is required does not arrive within the maximum tolerated

response time. Considering the number of ambulances available, their type and

requirements, the coverage obtained by solving the EVCPP is the best. Note that
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Figure 3.1: Five emergencies (red triangles), three ALS (blue) ambulances, and four
BLS ones (dark blue). Emergency 1 has a total coverage; Emergency 2 has a total-
late coverage; Emergency 3 has a partial coverage; Emergency 4 has a partial-late
coverage; Emergency 5 has a null coverage.

every emergency is treated as a whole event, and the solution tries to cover most of

them, if not fully, at least partially, which in reality translates into saving lives.

Table 3.1 summarizes the sets and parameters used to describe the EVCPP.

3.3 Maximum expected coverage stochastic

formulation for the EVCPP

The Maximum Expected Coverage (MEC) formulation is a stochastic integer qua-

dratic programming model in which the first stage variables xlk correspond to the

number of ambulances of type k ∈ K located at l ∈ L, and the second-stage variables

correspond to the ambulance dispatching decisions at each demand point for each
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I set of possible demand points (possible accident places)
L set of possible ambulance location sites
K set of ambulance types
ηk total number of ambulances in the system of type k ∈ K
rli response time from potential site l ∈ L to demand point i ∈ I
τ ideal response time to give the patients the first medical aid in

an emergency
τmax maximum response time to cover an accident
cli benefit from traveling from potential site l ∈ L to demand

point i ∈ I
Ω set of scenarios
aki(ω) number of needed ambulances of type k ∈ K at demand

point i ∈ I, ω ∈ Ω
I(ω) set of demand points for ω ∈ Ω with at least a value

aki(ω) ̸= 0 for i ∈ I, k ∈ K

Table 3.1: Sets and parameters to describe the EVCPP.

scenario ω ∈ Ω:

ylki(ω) =


1 if an ambulance of type k ∈ K in location l ∈ L

is dispatched to demand point i ∈ I(ω), for scenario ω ∈ Ω,

0 otherwise.

We defined the following binary variables related to the total and total-late coverages

related to the response times of the ambulances to the demand point i ∈ I(ω), ω ∈ Ω:

fi(ω) =

 1 if demand point i ∈ I(ω) has a total coverage,

0 otherwise,

gi(ω) =

 1 if demand point i ∈ I(ω) has a total-late coverage,

0 otherwise.
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The following sets of binary variables are for the partial and partial-late coverages

of the ambulances to the emergencies:

hi(ω) =

 1 if demand point i ∈ I(ω) has a partial coverage,

0 otherwise,

wi(ω) =

 1 if demand point i ∈ I(ω) has a partial-late coverage,

0 otherwise.

Finally, to indicate a null coverage of a demand point, we define

zi(ω) =

 1 if active demand point i ∈ I(ω) has a null coverage,

0 otherwise.

Let Q(x, a) denote the maximum coverage given decision x and random para-

meter array a. Given the notation introduced above, a(ω) = (aki(ω)), represents a

vector of realizations of parameter array aki(ω) under scenario ω ∈ Ω. Thus, we aim

to find x that maximizes the expected coverage. For simplicity, let Q(x, ω) denote

the maximum coverage under the specific realization of scenario ω and let π(ω) the

probability of occurrence of scenario ω. In our work, we assume scenarios are equally

likely, so π(ω) = 1/|Ω| for all ω ∈ Ω.

The MEC formulation is as follows.

max
x

E[Q(x, a)] (3.1)

where E[Q(x, a)] =
∑
ω∈Ω

π(ω)Q(x, ω) and

Q(x, ω) = max
(y,f,g,h,w,z)

∑
i∈I(ω)

(α1fi(ω) + α2gi(ω) + α3hi(ω) + α4wi(ω)− ϕzi(ω))
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s.t.
∑
l∈L

xlk ≤ ηk k ∈ K (3.2)

∑
i∈I(ω)

ylki(ω) ≤ xlk l ∈ L, k ∈ K,ω ∈ Ω (3.3)

fi(ω)
∑
k∈K

aki(ω) ≤
∑
l∈L

∑
k∈K

cliylki(ω) i ∈ I(ω), ω ∈ Ω (3.4)

a2i(ω)fi(ω) ≤
∑
l∈L

cliyl2i(ω) i ∈ I(ω), ω ∈ Ω (3.5)

gi(ω)
∑
k∈K

aki(ω) ≤
∑
l∈L

∑
k∈K

ylki(ω) i ∈ I(ω), ω ∈ Ω (3.6)

a2i(ω)gi(ω) ≤
∑
l∈L

yl2i(ω) i ∈ I(ω), ω ∈ Ω (3.7)

gi(ω) ≤ M

(∑
l∈L

(1− cli)
∑
k∈K

ylki(ω)

)
i ∈ I(ω), ω ∈ Ω (3.8)

hi(ω) ≤
∑
k∈K

aki(ω)−
∑
l∈L

∑
k∈K

ylki(ω) i ∈ I(ω), ω ∈ Ω (3.9)

hi(ω) ≤ a2i(ω)−
∑
l∈L

yl2i(ω) i ∈ I(ω), ω ∈ Ω (3.10)

∑
l∈L

(hi(ω)− cli)
∑
k∈K

ylki(ω) ≤ 0 i ∈ I(ω), ω ∈ Ω (3.11)

wi(ω) ≤
∑
k∈K

aki(ω)−
∑
l∈L

∑
k∈K

ylki(ω) i ∈ I(ω), ω ∈ Ω (3.12)

wi(ω) ≤ a2i(ω)−
∑
l∈L

yl2i(ω) i ∈ I(ω), ω ∈ Ω (3.13)

wi(ω) ≤ M

(∑
l∈L

(1− cli)
∑
k∈K

ylki(ω)

)
i ∈ I(ω), ω ∈ Ω (3.14)

∑
l∈L

∑
k∈K

ylki(ω) + zi(ω) ≥ 1 i ∈ I(ω), ω ∈ Ω (3.15)

fi(ω) + gi(ω) + hi(ω) + wi(ω) + zi(ω) = 1 i ∈ I(ω), ω ∈ Ω (3.16)

xlk ∈ Z+, ylki(ω) ∈ {0, 1} l ∈ L, k ∈ K, i ∈ I(ω), ω ∈ Ω

(3.17)
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fi(ω), gi(ω), hi(ω), wi(ω), zi(ω) ∈ {0, 1} i ∈ I(ω), ω ∈ Ω (3.18)

The objective function (3.1) maximizes the expected value of the weighted

coverage of emergencies. This sum is weighted to give greater importance to the

types of coverage we want to occur more frequently than others. For practical

reasons, the coverage types were arranged in descending order, taking into account

the importance that we, along with experts in the field, considered in the case of

studies from the state of Nuevo León, where we based our experimentation. The

parameters α1, α2, α3 and α4 are weights that ponder the coverage type, and ϕ is a

penalty for null coverage. This parameters represent the value of each coverage type.

The quantity for each one of them is fixed according to experts suggestions, which

analyze the 9-1-1 system. After experts finish the analysis, they decide the coverage’s

importance, and the parameters’ values decrease as the importance decreases. We

assume that every scenario is equally probable since each ω ∈ Ω represents a sample

of the high-demand period in which we are interested. Constraints (3.2) establish the

number of ambulances available per type. Constraints (3.3) establish the relationship

between the first and second-stage variables, which means that no ambulances can

be dispatched from a potential site if no ambulances are located there.

The total coverage of an emergency is defined by constraints (3.4)–(3.5). We

have in the first constraint that, if fi(ω) = 1 and is multiplied by the total number

of ambulances of the same type needed at a demand point, then cli are equal to 1.

However, if at least one ambulance is late, i.e. if cli < 1 for one or more ambulances,

then fi(ω) = 0. In the second constraint, we guarantee that ALS ambulances can

only cover demand points that need ALS ambulances. If fi(ω) = 1, then the number

of ambulances dispatched of type 2 is not late, that is, cli = 1. Otherwise, if the

number of dispatched ambulances of this type with cli = 1 is not sufficient to cover
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at least the ALS needed, then fi(ω) = 0.

The total-late coverage is defined by constraints (3.6)–(3.8). Constraints (3.6)–

(3.7) allow the total-late coverage variables gi(ω) to be one when the dispatch

variables are active. In (3.6), gi(ω) = 1 multiplied by the total number of ambulances

of both types needed, implying that all must be dispatched, but not necessarily in a

time less than τ . Note that cli could be less than 1, allowing for late coverage. If not

all needed ambulances are dispatched, then gi(ω) = 0. Constraints (3.8) indicate

that at least all needed ALS ambulances must be dispatched.

Meanwhile, constraints (3.8) track the demand points where the response time

is between (τ, τmax) when the difference on the right-hand side of the equation is

positive, that is, when there is a value cli < 1 associated to a dispatched ambulance,

for l ∈ L, i ∈ I(ω), ω ∈ Ω. Note that, when cli = 1 for all ambulances dispatched,

then gi(ω) = 0 because that case implies a total coverage. Otherwise, the term

multiplying M is a positive fractional number. The value of M introduced has to

be large enough to make the constraint redundant in this case. In our testing, we

observed that a value of M = 1000 suffices.

The partial coverage is defined by constraints (3.9)–(3.11). Recall that in

this case not all needed ambulances are dispatched to the emergency, but the ones

dispatched have an ideal response time. Thus, constraints (3.9)–(3.10) activate

variables hi(ω) if the number of ambulances dispatched is less than the required.

In the first equation, hi(ω) = 1 implies that the difference between the needed and

the dispatched ambulances is one or more. If the difference is zero, then hi(ω) must

be zero. For the second equation, we guarantee that the ambulances type 2 needed

are covered only for ALS ambulances although not all must be dispatched. Quadratic

constraints (3.11) ensure that ambulances dispatched arrive within the ideal response

time, that is, their corresponding value cli = 1, for l ∈ L, i ∈ I(ω), ω ∈ Ω. If
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hi(ω) = 1 and the ambulances arrive at an ideal time, the difference between hi(ω)

and cli is zero and guarantees that all ambulances must be dispatched at a time less

than τ . If at least one ambulance is late, the difference would be positive and the

constraint is infeasible because that case is a partial-late coverage.

Constraints (3.12)–(3.14) define the partial-late coverage. Note that the case

of the ALS ambulances (k = 2) replacing a BLS one is also considered. Constraints

(3.12)–(3.13) activate the variables wi(ω) when the number of ambulances required

exceeds the number of ambulances dispatched. Similarly to the total-late coverage,

the constraints (3.14) track ambulances with a response time larger than the ideal

and must be multiplied by a M since there could be cases with a sum that is less

than 1. Here we also deal with the ALS ambulances that may replace the BLS.

The null coverage is activated by constraints (3.15). All coverage restrictions

are related to the constraint (3.16) which ensures only one type of coverage for each

emergency. Finally, (3.17) and (3.18) establish the nature of the decision variables.

The novelty of the MEC model is the stochastic total/partial coverage per

emergency by two types of ambulances. However, the related number of variables and

constraints is usually large. In addition, constraints (3.11) are quadratic. Although

integer linear stochastic models could be formulated with classical linearization me-

thods, previous experiments showed similar times between the linearized and the

quadratically constrained models when solved with integer programming solvers, so

we keep the quadratic one for the scenario-based feedback methodology presented

in the next section.
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Solution methodologies

4.1 Surrogate-based feedback method for the

EVCPP

The EVCPP is NP-hard since the classical NP-hard facility location problem

could be polynomially reduced to it, as we can see in Megiddo and Tamir [53].

The MEC model is experimentally challenging to solve, even for medium-sized

instances, as shown in Section 4.5. The main drawback to obtaining a simple solution

to the proposed problem is that integer variables are used. Typically, stochastic

programming problems use continuous variables in most cases, making it challenging

to apply solution approximation methods commonly used in the literature. Thus, we

propose a surrogate-based feedback method (SBFM) to obtain approximate solutions

to the EVCP problem based on an auxiliary disaggregated model, named Surrogate

Ambulance-Based Coverage (SABC) model, which is faster to solve.

The SABC model’s essential characteristic is that its objective function does

not rely on emergency coverage, as in the MEC model; it only counts the number of

ambulances sent on time, late, or null to emergency demand points. Moreover, its

35



Chapter 4. Solution methodologies 36

resolution time is extremely fast since it requires fewer variables and constraints than

the MEC model. However, disaggregating an emergency situation into the number

of ambulances needed does not capture emergency coverage, which is crucial for an

EMS system.

In addition to the location variables xli, the SABC model requires the following

ambulance dispatching binary variables for k ∈ K, l ∈ L, i ∈ I(ω), ω ∈ Ω:

ulki(ω) =


1 if ambulance of type k is dispatched from site l to point i

with response time less than τ ,

0 otherwise,

vlki(ω) =


1 if ambulance of type k is dispatched from site l to i

with response time in (τ, τmax),

0 otherwise.

Variables ulki(ω) indicate the ambulances with an ideal response time dispatched

from the location sites corresponding to a decay function value cli = 1. While

variables vlki(ω) indicate the ones with a larger than τ response time, which have a

value cli < 1. The number of required ambulances k in an emergency demand point

i that are not dispatched are counted by integer variables ζki(ω), for k ∈ K, i ∈

I(ω), ω ∈ Ω.

Let G(x, a) denote the maximum expected value of the on-time and late dis-

patched ambulances minus a penalty for the required ambulances that could not

be dispatched on time, given given decision x and random parameter array a. For

simplicity, let G(x, ω) denote the maximum coverage under the specific realization

of scenario ω and let π(ω) the probability of occurrence of scenario ω. In our work,

we assume scenarios are equally likely, so π(ω) = 1/|Ω| for all ω ∈ Ω. Then SABC

can be expressed as:
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max
x

E[G(x, a)] (4.1)

where E[G(x, a)] =
∑
ω∈Ω

π(ω)G(x, ω) and

G(x, ω) = max
u,v,ζ

∑
l∈L

∑
k∈K

∑
i∈I(ω)

(β1ulki(ω) + β2vlki(ω))−
∑
k∈K

∑
i∈I(ω)

ϕζki(ω)



s.t.
∑
l∈L

xlk ≤ ηk k ∈ K (4.2)

∑
i∈I(ω)

(ulki(ω) + vlki(ω)) ≤ xlk l ∈ L, k ∈ K,ω ∈ Ω (4.3)

ulki(ω) ≤ cli l ∈ L, i ∈ I(s), k ∈ K,ω ∈ Ω (4.4)

ulki(ω) + vlki(ω) ≤ 1 l ∈ L, i ∈ I(s), k ∈ K,ω ∈ Ω (4.5)

a1i(ω) + a2i(ω) =∑
l∈L

∑
k∈K

(ulki(ω) + vlki(ω) + ζki(ω)) i ∈ I(ω), ω ∈ Ω (4.6)

a2i(ω) ≤
∑
l∈L

(ul2i(ω) + vl2i(ω) + ζ2i(ω)) i ∈ I(ω), ω ∈ Ω (4.7)

xlk, ζki(ω) ∈ Z+, ulki(ω), vlki(ω) ∈ {0, 1} l ∈ L, k ∈ K, i ∈ I(ω), ω ∈ Ω (4.8)

The objective function (4.1) maximizes the expected value of the on-time and

late dispatched ambulances minus a penalty ϕ for the required ambulances that

could not be dispatched in less than τmax time response. The weights β1 and β2 are

normalized parameters that prioritize the ambulances dispatched with a response

time less than τ . As in the previous model, no more than the available ambulances

can be located on the sites, corresponding to constraints (4.2). The number of

ambulances dispatched on time or late is less than the number of ambulances located,

as indicated by constraints (4.3). Constraints (4.4) define the ambulances dispatched
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with an ideal response time of less than τ . Thus, if cli = 1, then the ambulance will

have an ideal response time, while constraints (4.5) activate the late variables for

which their response time is between (τ, τmax). With constraints (4.6) and (4.7), the

non-covered emergencies, ζki(ω) variables are defined for i ∈ I(ω), ω ∈ Ω. Recall

that advanced ambulances can be dispatched instead of basic ambulances. Finally,

the nature of the variables is stated.

The surrogate-based feedback method: Under the SBFM, the SABC stochastic

model is solved first. From its optimal solution, we obtain the location of the

ambulances of the first stage corresponding to the value of xlk variables, for l ∈ L,

k ∈ K. Let the solution vector of these values be called x∗
SABC. Then, in the

allocation stage, we solve MEC taking x∗
SABC as input. We call this model the

MEC(SABC) model, implying that it is the solution of the MEC model with the

location variables fixed with the solution of the surrogate model SABC. Since the first

stage variables are fixed, the MEC(SABC) model becomes easier to solve and yields

high-quality solutions. We could implement a local search neighborhood based on

the location variables xlj to diversify the solution yield by variables x∗
SABC. However,

experimental results show that the quality of the SBFM solutions is exceptionally

high with a single feedback.

As mentioned, the SABC auxiliary model is a surrogate for the MEC formu-

lation. Thus, the solutions obtained by the MEC and SABC are not equivalent.

However, the solutions of the SABC model can be mapped into solutions for the

EVCP problem, as shown in Algorithm 1. In this manner, we can compare both

models in terms of emergency coverage, even if the SABC model is short-sighted

regarding this objective. Step 3 activates the total coverage when all the required

ambulances arrive in less than τ response time. Step 4 verifies if a dispatched

ambulance has a response time in (τ, τmax), corresponding to the total-late coverage.
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Step 6 checks that not all the required ambulances are dispatched but they arrive

between the ideal time, while Step 8 verifies that the dispatched ambulances are

not all the required ones and at least one of them has a response time in (τ, τmax).

Finally, Step 10 activates the null variable.

Algorithm 1 Transformation of a SABC solution into a MEC solution

1: require solution of the SABC model (x̄, ū, v̄)
2: for i ∈ I(ω), ω ∈ Ω do
3: if

∑
l∈L,k∈K ūlki(ω) = aki(ω) then fi(ω) = 1 ▷ total coverage

4: if
∑

l∈L,k∈K ūlki(ω) < aki(ω) and
∑

l∈L,k∈K ūlki(ω) + v̄lki(ω) = aki(ω)
5: then gi(ω) = 1 ▷ total-late coverage
6: if

∑
l∈L,k∈K ūlki(ω) < aki(ω) and

∑
l∈L,k∈K v̄lki(ω) = 0

7: then hi(ω) = 1 ▷ partial coverage
8: if

∑
l∈L,k∈K ūlki(ω) + v̄lki(ω) < aki(ω) and

∑
l∈L,k∈K v̄lki(ω) > 0

9: then wi(ω) = 1 ▷ partial-late coverage
10: otherwise zi(ω) = 1 ▷ null coverage
11: end for
12: return MEC solution (x̄, f, g, h, w, z)

4.2 Heuristic to improve the SBFM

The surrogate-based feedback method for the MEC(SABC) model has good results.

However, a disadvantage of this method is that we obtain only one solution for the

ambulance location from the surrogate model SABC. This is a problem because

we disown the optimal solution for the MEC model and we are not sure if the

SABC solution is close to that optimality. Trying to improve the solution x∗
SABC we

proposed a local search procedure, which is a heuristic considering four neighbor-

hoods, named as Neighborhoods Local Search Heuristic (NLSH) procedure. These

four different neighborhoods are as follows:

• Neighborhood 1 (N1): exchange one active potential site with a non-active

potential site.
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• Neighborhood 2 (N2): transfer one ambulance from an active potential site to

a non-active potential site.

• Neighborhood 3 (N3): transfer one ambulance from an active potential site to

another active potential site.

• Neighborhood 4 (N4): exchange one active potential site with another active

potential site.

N1 and N4 change both ambulance types at the same time, while N2 and N3

transfer only one BLS ambulance, evaluate the MEC model, and then transfer one

ALS ambulance, and evaluate the MEC model if there were no changes with the BLS

ambulance evaluation. We can see examples for each neighborhood in Figure 4.1.

In the Algorithms 2 (part 1) and 3 (part 2), we can see the NLSH procedure

to improve the SBFM. The NLSH procedure has the xSABC variables as an initial

solution, which are the location variables of the SBFM’s best solution s∗SABC . We

define a stop criterion of 3600 seconds. In lines 2 and 3, we define the location

variables xSABC as x∗, and the objective value of the best solution s∗SABC as s∗,

respectively. While the runtime is less than the stop criterion (line 4), we can

explore the neighborhoods mentioned before. The heuristic procedure explores

neighborhoods until a local optimum is found. To ensure this, we set a flag to TRUE

(line 5). While the flag is equal to TRUE (line 6), the flag turns to FALSE (line 7),

and a neighborhood N is created by modifying the best solution at the moment x∗ as

we described in neighborhood N1 (line 8). The next step is to solve the MEC model,

fixing each neighbor as an initial solution x′ for the MEC model (lines 9-10); this

solution is named s′. If s′ is better than s∗ (line 11), then s∗ changes its value to s′, x∗

changes its value to x′ (line 12), and the flag turns its value to TRUE (line 13). The

for loop breaks (line 14), and the algorithm repeats the procedure until no further
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Figure 4.1: Four neighborhoods: N1 exchange one active potential site with a non-
active potential site, N2 transfer one BLS or ALS ambulance from an active potential
site to a non-active potential site, N3 transfer one BLS or ALS ambulance from an
active potential site to another active potential site, and N4 exchange one active
potential site with another active potential site.
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improvements are made to the solution. The step from lines 5 to 17 is repeated

for the four neighborhoods proposed. The improvement using neighborhood N2 is

defined from line 18 to line 30. We can see that the N3 procedure is at lines 31 to 43,

and lines 44 to 57 define the N4 improvement procedure. At the end of the heuristic,

the best solution is returned (line 58).

Algorithm 2 NLSH procedure to improve the SBFM (Part 1)

1: require solution of the SABC model s∗SABC , stop criteria = 3600 seconds
2: x∗ = xSABC

3: s∗ = MEC(x∗
SABC)

4: while runtime < stop criteria do
5: flag = TRUE
6: while flag = TRUE do
7: flag = FALSE
8: Let N = N1(x

∗)
9: for x′ ∈ N do
10: s′ = MEC(x′)
11: if s′ > s∗ then
12: s∗ = s′, x∗ = x′

13: flag = TRUE
14: break
15: end if
16: end for
17: end while
18: flag = TRUE
19: while flag = TRUE do
20: flag = FALSE
21: Let N = N2(x

∗)
22: for x′ ∈ N do
23: s′ = MEC(x′)
24: if s′ > s∗ then
25: s∗ = s′, x∗ = x′

26: flag = TRUE
27: break
28: end if
29: end for
30: end while
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Algorithm 3 NLSH procedure to improve the SBFM (Part 2)

31: flag = TRUE
32: while flag = TRUE do
33: flag = FALSE
34: Let N = N3(x

∗)
35: for x′ ∈ N do
36: s′ = MEC(x′)
37: if s′ > s∗ then
38: s∗ = s′, x∗ = x′

39: flag = TRUE
40: break
41: end if
42: end for
43: end while
44: flag = TRUE
45: while flag = TRUE do
46: flag = FALSE
47: Let N = N4(x

∗)
48: for x′ ∈ N do
49: s′ = MEC(x′)
50: if s′ > s∗ then
51: s∗ = s′, x∗ = x′

52: flag = TRUE
53: break
54: end if
55: end for
56: end while
57: end while
58: return solution (x, f, g, h, w, z)∗

The next section compares the MEC, MEC(SABC), and even the SABC solu-

tions.

4.3 Experimental assessment

This section presents an empirical assessment of models and the solution methodology

previously described to solve the EVCPP. We used Gurobi Optimizer 10.0.2 with
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Python 3.10 to solve the integer programming models MEC, SABC, and MEC(SABC).

The experiments were carried out on an Intel Core i7 at 3.1 GHz with 16 GB of RAM

under the macOS Catalina 10.15.7 operating system. Each execution of the integer

linear programming solvers had a CPU time limit of 10800 seconds. For SABC

Matheuristic, the solver had a CPU limit of 300 seconds for neighbors’ evaluation

and 10800 seconds in total.

4.3.1 Instance generation

The value ranges of our instance generator are based on real-world data taken from

Monterrey, Mexico. In the literature, there are no suitable benchmarks for our

problem. The databases for the Monterrey case study showed a larger number of

possible demand points, |I| ∈ {168, 270, 500, 900, 1500} compared to the one from

the literature with |I| ≤ 270 [71]. The number of possible locations for ambulances

in Monterrey is |L| ∈ {16, 50, 100}, which is also larger than the one from the

literature (≤ 30) since not only hospitals and fire stations can be considered. We

consider the whole city of Monterrey, so the number of ambulances (η1, η2) =

(35, 20) is also greater than the ones from the literature cases (6 ambulances per

type [71]). The number of scenarios is set to be as large as that in the literature

|Ω| ∈ {10, 50, 100, 150, 200}. Thus, our benchmark has 15 instances for which five

different scenario settings were built.

For each instance, we simulated a two-hour high-demand period. Each scenario

ω ∈ Ω consists of a set of demand values per ambulance type and per demand point

{aki(ω)}k∈K,i∈I,ω∈Ω. Fewer demand points imply a larger city grid and a larger

proportion of emergencies per demand point. Therefore, when |I| = 168, around

30% of the demand points may have a value different from 0. In contrast, when
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|I| = 1500, only 1% of the demand points will require ambulances. This setting

reflects the number of emergencies per hour observed in the case study. Instances

are built such that most emergencies require a single ambulance, but as observed in

real cases, some of them may require up to three ambulances.

The ideal ambulance response time is τ = 10 minutes, while the maximum

response time is τmax = 30 minutes. For the MEC formulation, we use the following

weights in the objective function (3.1): ; however, as observed in real cases, some

α1 = 0.65, α2 = 0.2, α3 = 0.1, and α4 = 0.05. In this manner, the total coverage

is the most sought after, while the partial-late cover has less benefit. The values

of these parameters can change, and they would affect decisions since they are part

of the objective function, which is intended to be maximized. Depending on the

values assigned to the parameters, different variables could be activated than those

obtained in our results. The values assigned to the parameters are left to the user’s

discretion, depending on the importance given to each type of coverage based on the

functioning of the EMS system. Surprisingly, the value of the big M of the model is

not the main cause of the execution time of the MEC model. Thus, a simple value

M = 1000 is set.

The parameter values established for this thesis were based on information

provided by the managers of the Medical Emergency Regulatory Center (CRUM) in

the state of Nuevo León, Mexico. CRUM is an institution responsible for managing

the 9-1-1 system in various states of Mexico, and we had the opportunity to meet with

the experts in charge of making decisions about the system. They recommended that

we consider the established values for ambulance response times and the importance

that should be given to the types of partial coverage considered. There is also a

reference from PRONAMED Salud Integral, a private institution that offers ambu-

lance dispatch services for medical emergencies [40].
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For the SABC objective function (4.1) we use β1 = 0.7 and β2 = 0.3. These

values reflect the aim to send primordially the required ambulances with an ideal

response time. The penalty for null coverage in the MEC model or when a required

ambulance cannot be dispatched to the emergency in less than τmax time in the

SABC model is set to ϕ = 1/|S|+ 0.0005.

All instances with their related scenarios and detailed solutions are available

at https://doi.org/10.6084/m9.figshare.25928401. These instances are struc-

tured as follows:

Line 1: |I|, number of demand points.

Line 2: |L|, number of potential sites.

Line 3: |Ω|, number of scenarios.

Next |Ω| lines: number of maximum accidents at each demand point.

Next |Ω| lines: number of ambulances needed at each demand point of each

type (BLS or ALS ambulances).

Next |L| lines: response time from each potential site to each demand point.

Next |L| lines: benefit cli from traveling from each potential site to each demand

point.

4.4 Solution representation

The solutions of our models and our heuristic are provided by the ambulances located

at the potential sites, along with the number of ambulances dispatched from each

potential site to each demand point. For example, if we have four potential sites

https://doi.org/10.6084/m9.figshare.25928401
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and four demand points, as we can see in Figure 4.2 a), and if we have four BLS

ambulances and two ALS ambulances, we can obtain the solution x11 = x22 = x41 =

x42 = 0, x12 = x32 = 1, x21 = x31 = 2, then the active potential sites are the ones in

Figure 4.2 b).

Suppose that potential site 1 can cover demand points 1,2, and 3; potential

site 2 can cover demand points 2 and 3; and potential site 3 can cover demand

points 3 and 4. The locations of the ambulances are as follows: potential site 1 has

1 ALS ambulance, potential site 2 has 2 BLS ambulances, and potential site 3 has

2 BLS ambulances and 1 ALS ambulance. This ambulance distribution at potential

sites can cover the demand points, as shown in Figure 4.3. Based on that location,

dispatch decisions are then made, and the necessary or available ambulances are

dispatched from each potential location (1, 2, or 3) to each demand point (1, 2, 3,

or 4) it can cover.
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a)

b)

Figure 4.2: Example of a solution.
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Figure 4.3: Example of a solution.

4.5 Experimental work

In this section, we analyze the parameters of the EVCP problem that impact the

performance of the objective values of our stochastic methodologies. Several ques-

tions arise. We aim to investigate the model’s sensitivity to the number of scenarios

in terms of solution quality and solution time. We also want to determine the size

of tractable instances.
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4.5.1 Assessment of benefit of partial coverage

In this experiment, we aim to assess the benefit of the proposed partial coverage

model. To this end, we solve our MEC model with partial coverage (α1 = 0.65, α2 =

0.2, α3 = 0.1, and α4 = 0.05), and then we solve the Total-MEC model, which

corresponds to the MEC model but with α2 = α3 = α4 = 0 in the objective function.

The Total-MEC is equivalent to eliminating the partial covering terms from the MEC

model. Thus, the objective function does not consider partial coverages; only the

full and null coverage terms are considered.

Table 4.1 displays the results. In the first column, the size of the instance is

indicated in terms of the number of potential location sites, the number of demand

points, and the number of scenarios. The second, third, and fourth columns show the

objective function value, the running time (CPU seconds), and the value of the null

coverage term in the objective function, for the MEC model (under partial coverage).

The remaining columns show the same indicators for the Total-MEC model.

Table 4.1: Comparison between the MEC and the Total-MEC models.

MEC model Total-MEC

|L|, |I|, |Ω|
Obj. fn.

value

Time

(CPU sec.)

Null

coverage

Obj. fn.

value

Time

(CPU sec.)

Null

coverage

16, 168, 10 4.9 94.8 0 7.0 2342.9 13.8

16, 168, 100 4.9 10804.2 0.07 7.6 10801.9 12.04

16, 168, 200 4.8 10808.7 0.14 7.5 10804.0 12.68

16, 500, 10 7.5 64.8 0 9.3 919.4 13.8

16, 500, 100 7.4 10809.8 1.69 10.6 10804.0 18.8

16, 500, 200 8.1 10810.9 1.93 11.3 10806.6 19.12

16, 1500, 10 9.9 48.1 5.9 11.6 10801.6 27.8

16, 1500, 100 10.6 10808.2 11.82 14.0 10806.2 26.67
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Table 4.1: Comparison between the MEC and the Total-MEC models.

MEC model Total-MEC

16, 1500, 200 11.0 10838.3 13.56 14.4 10810.2 27.95

100, 168, 10 7.8 10802.6 0 7.2 10801.3 10.7

100, 168, 100 1.8 10817.4 0 7.5 10809.4 11.63

100, 168, 200 1.9 10843.4 0.24 7.2 10818.3 12.88

100, 500, 10 10.6 10804.2 1.7 9.8 10802.2 18.5

100, 500, 100 2.9 10831.0 1.83 10.7 10815.2 19.6

100, 500, 200 2.7 10905.8 4.36 9.7 10829.8 20.85

100, 1500, 10 13.2 10809.1 4.8 13.1 10803.6 19.6

100, 1500, 100 8.8 10849.6 13.18 14.6 10824.6 28.42

100, 1500, 200 4.2 10910.0 9.7 10.9 10848.9 34.43

From Table 4.1, the most interesting result is the comparison of the null

coverage term between both models. As can be seen, the Null coverage values

obtained by the MEC model are considerably lower than those obtained by the

Total-MEC model. This means that when ignoring the partial coverage terms,

more people are left without coverage altogether, which is, of course, undesirable.

Moreover, we can also see that there were even some cases in which the null coverage

term was zero under the MEC model, indicating the clear benefit of the partial

coverage consideration. Overall, the MEC model improves the null coverage by 84%

on average, which means more lives can be saved because at least an ambulance

will arrive at the emergency. In terms of the location of the ambulances, when

contrasting the MEC and Total-MEC solutions, there was more than 15% difference

on average. The solution time was almost the same for both models, with the notable

exception that in three instances, the MEC ran significantly faster. In summary, the
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most significant result is that the MEC model has a smaller average null coverage

compared to the Total-MEC, indicating the substantial benefit of incorporating

partial coverage terms into the objective function.

4.5.2 Evaluation of the MEC, the SBFM, the NLSH,

and their comparisons

The objective of this experiment is to conduct a detailed sensitivity analysis of the

parameters employed in the MEC, SBFM, and NLSH. A primary goal is to evaluate

the extent to which MEC can generate high-quality solutions. Once MEC reaches a

point where it can no longer achieve optimal solutions within the designated stopping

criteria, a comparison between MEC and SBFM will be made to assess the efficacy

of this methodology for large-scale problem instances. Finally, the results obtained

from both MEC and SBFM will be compared to those from NLSH to determine if

an improvement can be observed from the solutions derived using SBFM. To achieve

this, we run the 75 instances mentioned earlier and calculate the objective values.

Experiment 1: Evaluation of the MEC. The goal of this experiment is to

evaluate the MEC and verify the quality of the solutions. We run the MEC for

the 75 instances and calculate the objective values, which are plotted in Figure 4.4.

This figure consists of six plots. The three plots in the left column vary the number of

demand points (x-axis) and compare each one to the value of the objective function

(y-axis) under different scenarios. The three plots on the right-hand side column

vary the tested number of scenarios (x-axis) and show the variation in the solution

value for each number of demand points (y-axis). The upper plots consider a number

of possible locations for the ambulances of |L| = 16, the middle plots of |L| = 50,

and the lower plots of |L| = 100. Straight lines represent the best objective values,
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while dotted lines represent the best bounds found.

As can be seen on Figure 4.4, the difference between the best objective and the

best bound (and thus, the relative optimality gaps1) are negligible for small instances

with 16 potential location sites. Still, the gaps become larger for the instances with

50 and 100 potential sites. The number of demand points where emergencies may

occur and the scenarios considered make the instances harder to solve optimally

within the time limit. Thus, the deterministic equivalent integer program of MEC

can only handle small instances with a few scenarios, demand points (emergency

points), and potential ambulance sites. Note that the larger the number of scenarios

in the plots on the left-hand side, the better the objective function. This implies

that a more comprehensive sampling of the emergency demand points benefits the

quality of the solution related to ambulance response time. The plots on the right

side show that the larger the size of the demand point set, the harder it is to solve

the instance.

The results are presented in Table 4.2 for detailed values. The first column

describes the different demand points and scenario sizes. Objective function values

and best bound values for |L| = 16 are in columns 2 and 3. For |L| = 50, we

have objective function values in column 4 and best bound values in column 5. For

|L| = 100, columns 6 and 7 contain the objective function values and best bound

values.

1(best objective - best bound)/best objective.
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Figure 4.4: Evaluation of the MEC model varying demand points (left-hand side
column) and scenarios (right-hand side column) for |L| = 16, |L| = 50 and |L| = 100.
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Table 4.2: Evaluation of the MEC model for 75 instances.

|L| 16 50 100

|I|, |Ω|
Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

168, 10 5.00 5.02 7.29 7.29 7.87 8.46

168, 50 4.85 4.86 6.58 7.18 5.16 8.60

168, 100 4.91 4.94 5.87 7.34 1.85 16.78

168, 150 4.71 4.73 5.04 7.30 1.91 17.23

168, 200 4.84 4.86 4.67 7.41 1.93 17.28

270, 10 5.58 5.59 8.73 8.73 8.83 10.11

270, 50 5.91 5.92 7.54 8.29 6.71 10.96

270, 100 5.72 5.73 6.86 8.94 2.33 10.90

270, 150 5.86 5.87 5.98 9.18 2.41 11.08

270, 200 5.78 5.79 4.59 8.95 2.42 21.69

500. 10 7.53 7.54 10.16 10.22 10.63 11.61

500, 50 7.57 7.58 9.41 10.87 8.17 12.71

500, 100 7.48 7.48 8.02 11.50 2.98 13.68

500, 150 7.57 7.58 7.61 11.45 2.86 13.42

500, 200 8.15 8.17 4.18 11.80 2.79 29.52

900, 10 8.47 8.48 13.44 13.52 13.55 14.04

900, 50 9.28 9.32 11.99 13.82 9.42 15.02

900, 100 9.29 9.30 10.82 13.97 3.59 16.01

900, 150 9.20 9.21 9.12 13.90 3.79 16.57

900, 200 9.40 9.42 5.27 13.98 3.56 38.06

1500, 10 9.99 10.02 13.77 13.87 13.21 14.00

1500, 50 11.36 11.36 14.08 15.27 12.06 16.06
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Table 4.2: Evaluation of the MEC model for 75 instances.

|L| 16 50 100

|I|, |Ω|
Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

1500, 100 10.68 10.69 12.61 15.80 8.83 17.76

1500, 150 11.29 11.33 11.30 16.19 4.63 18.92

1500, 200 11.05 11.10 5.97 16.46 4.25 46.75

Experiment 2: Evaluation of the the MEC(SABC). This experiment aims to

evaluate the solutions of the MEC(SABC). We run this model for each one of the

75 instances described in the previous section. We have the solution represented

in Figure 4.5, which has a similar structure to the previous one. We also show the

results in Table 4.3.

Table 4.3: Evaluation of the MEC(SABC) model for 75 instances.

|L| 16 50 100

|I|, |S|
Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

168, 10 5.00 5.00 6.49 6.51 7.07 7.08

168, 50 4.85 4.85 6.44 6.44 6.46 6.46

168, 100 4.88 4.88 6.42 6.42 6.70 6.70

168, 150 4.68 4.68 6.38 6.38 6.85 6.85

168, 200 4.82 4.82 6.38 6.38 6.83 6.83

270, 10 5.53 5.53 8.05 8.10 8.26 8.28
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Table 4.3: Evaluation of the MEC(SABC) model for 75 instances.

|L| 16 50 100

|I|, |S|
Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

Obj. fn.

value

Best

bound

value

270, 50 5.87 5.87 7.38 7.38 8.69 8.69

270, 100 5.70 5.70 7.83 7.83 8.21 8.21

270, 150 5.83 5.84 7.81 7.81 8.38 8.38

270, 200 5.77 5.77 7.50 7.50 8.16 8.16

500. 10 7.31 7.32 9.25 9.26 10.09 10.13

500, 50 7.52 7.53 9.55 9.56 10.10 10.10

500, 100 7.44 7.44 9.95 9.95 10.41 10.41

500, 150 7.51 7.51 9.78 9.78 10.13 10.13

500, 200 8.12 8.12 9.88 9.89 10.30 10.30

900, 10 8.43 8.43 12.54 12.54 12.79 12.82

900, 50 9.24 9.24 12.29 12.29 12.42 12.42

900, 100 9.26 9.26 12.29 12.29 12.18 12.18

900, 150 9.18 9.18 11.84 11.84 12.72 12.72

900, 200 9.39 9.40 11.99 11.99 12.40 12.40

1500, 10 9.94 9.96 12.78 12.80 12.89 12.91

1500, 50 11.31 11.32 13.71 13.78 13.69 13.69

1500, 100 10.64 10.69 13.83 13.83 14.68 14.68

1500, 150 11.28 11.28 14.08 14.08 14.66 14.66

1500, 200 11.06 11.06 14.11 14.11 14.76 14.76

For this methodology, the number of scenarios does not affect the results for
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Figure 4.5: Evaluation of the MEC(SABC) model varying demand points (left-hand
side column) and scenarios (right-hand side column) for |L| = 16, |L| = 50 and
|L| = 100.
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the objective value, because the MEC(SABC) only considers the ambulances serving

the accidents. According to this methodology, the optimal is found in an easier and

faster way than the MEC, but it is different from the optimal at the MEC, so we

need to compare the objective values of both of them.

Experiment 3: Assessment of the surrogate-based feedback method. Naturally,

one of the most important aspects to investigate is the value and benefit that the

proposed solution method brings to the table. Thus, in this set of experiments, we

solved all instances for the different configurations previously discussed under two

different methods. We solved the MEC model by directly applying the branch-and-

bound method from the solver and compared it with the proposed SBFM. Figure 4.6

consists of six plots. The three plots in the left column consider the same x-axis and

y-axis values as we mentioned in the previous figures. Same for the right column

figures. The upper plots consider a number of possible locations for the ambulances

of |L| = 16, the middle plots of |L| = 50, and the lower plots of |L| = 100. Straight

lines are the best objective values for the MEC(SABC) model, while dotted ones are

the best objective values for the MEC model.

The results are detailed in Table 4.4. In the first column, we have the demand

points and scenario sizes. In the second column, we present the MEC objective

function values, and in the third column, we display the SBFM objective function

values. These values are for sixteen potential sites. For fifty potential sites, we have

the results of the MEC and the SBFM in columns four and five. And finally, in

columns six and seven, we have MEC and SBFM objective function values for one

hundred potential sites.
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Figure 4.6: Comparison of the MEC and the MEC(SABC) model varying demand
points (left-hand side column) and scenarios (right-hand side column) for |L| = 16,
|L| = 50 and |L| = 100.
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Table 4.4: Assessment of the surrogate-based feedback method.

|L| 16 50 100

|I|, |Ω|

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

168, 10 5.00 5.00 7.29 6.49 7.87 7.07

168, 50 4.85 4.85 6.58 6.44 5.16 6.46

168, 100 4.91 4.88 5.87 6.42 1.85 6.70

168, 150 4.71 4.68 5.04 6.38 1.91 6.85

168, 200 4.84 4.82 4.67 6.38 1.93 6.83

270, 10 5.58 5.53 8.73 8.05 8.83 8.26

270, 50 5.91 5.87 7.54 7.38 6.71 8.69

270, 100 5.72 5.70 6.86 7.83 2.33 8.21

270, 150 5.86 5.83 5.98 7.81 2.41 8.38

270, 200 5.78 5.77 4.59 7.50 2.42 8.16

500, 10 7.53 7.31 10.16 9.25 10.63 10.09

500, 50 7.57 7.52 9.41 9.55 8.17 10.10

500, 100 7.48 7.44 8.02 9.95 2.98 10.41

500, 150 7.57 7.51 7.61 9.78 2.86 10.13

500, 200 8.15 8.12 4.18 9.88 2.79 10.30

900, 10 8.47 8.43 13.44 12.54 13.55 12.79

900, 50 9.28 9.24 11.99 12.29 9.42 12.42

900, 100 9.29 9.26 10.82 12.29 3.59 12.18

900, 150 9.20 9.18 9.12 11.84 3.79 12.72

900, 200 9.40 9.39 5.27 11.99 3.56 12.40

1500, 10 9.99 9.94 13.77 12.78 13.21 12.89

1500, 50 11.36 11.31 14.08 13.71 12.06 13.69
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Table 4.4: Assessment of the surrogate-based feedback method.

|L| 16 50 100

|I|, |Ω|

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

MEC

Obj. fn.

value

SBFM

Obj. fn.

value

1500, 100 10.68 10.64 12.61 13.83 8.83 14.68

1500, 150 11.29 11.28 11.30 14.08 4.63 14.66

1500, 200 11.05 11.06 5.97 14.11 4.25 14.76

As can be seen in Figure 4.6, while the number of scenarios, demand points,

and potential sites slightly affects the performance of MEC(SABC), it obtains better

objective function values than those obtained by the MEC model for the larger

instances that reported positive gaps. Indeed, the optimality gaps of the MEC(SABC)

model always equal 0 within the time limit that we established. In addition, the

MEC(SABC) model tends to be less dependent on the number of scenarios. Thus,

although we cannot guarantee optimality with the MEC(SABC) model, it obtains

faster and higher-quality solutions than those obtained by the MEC equivalent model.

Experiment 4: Evaluation of the NLSH. Once we analyze the MEC(SABC)

model, we propose the NLSH to improve the solution we obtained with the SBFM.

The objective of this experiment is to evaluate the efficiency of the heuristic. The

evaluation includes the effectiveness of the neighborhoods, verifying if all the neigh-

borhoods improve the objective function at some point.

The Figure 4.7 shows the NLSH objective function and the best bound found

results. The graphs on the left-hand and the right-hand sides of the figure can

be described as previous ones. The y-axis represents the objective values for all
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graphs. The x-axis represents the demand points and the scenarios for the left-hand

and right-hand graphs, respectively. Straight lines indicate the best objective value

found throughout the heuristic, i.e., the solution for the best neighbor found from

the four neighborhoods explored. The results are also in Table 4.5.

Table 4.5: Evaluation of the NLSH for 75 instances.

|L| 16 50 100

|I|, |Ω|
Obj. fn.

value

Best

bound

Obj. fn.

value

Best

bound

Obj. fn.

value

Best

bound

168, 10 5.00 5.01 6.97 6.97 7.39 7.42

168, 50 4.85 4.85 6.56 6.56 6.47 6.47

168, 100 4.91 4.91 6.45 6.45 6.71 6.71

168, 150 4.70 4.71 6.40 6.40 6.85 6.85

168, 200 4.84 4.84 6.40 6.40 6.83 6.83

270, 10 5.58 5.58 8.35 8.35 8.55 8.58

270, 50 5.89 5.89 7.46 7.47 8.75 8.76

270, 100 5.71 5.71 7.85 7.85 8.21 8.21

270, 150 5.85 5.85 7.81 7.81 8.38 8.38

270, 200 5.77 5.77 7.50 7.50 8.20 8.20

500, 10 7.49 7.54 9.64 9.70 10.18 10.19

500, 50 7.55 7.55 9.61 9.62 10.16 10.17

500, 100 7.46 7.46 9.98 9.99 10.41 10.41

500, 150 7.54 7.55 9.80 9.80 10.18 10.18

500, 200 8.14 8.14 9.90 9.91 10.32 10.32

900, 10 8.45 8.51 12.93 12.93 13.05 13.06

900, 50 9.26 9.27 12.30 12.30 12.50 12.51

900, 100 9.27 9.27 12.29 12.29 12.19 12.19

900, 150 9.18 9.18 11.84 11.84 12.73 12.74
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Table 4.5: Evaluation of the NLSH for 75 instances.

|L| 16 50 100

900, 200 9.39 9.40 12.02 12.03 12.44 12.44

1500, 10 9.98 9.98 13.27 13.27 13.21 13.24

1500, 50 11.32 11.33 13.73 13.77 13.69 13.69

1500, 100 10.64 10.69 13.84 13.84 14.68 14.68

1500, 150 11.28 11.28 14.08 14.08 14.69 14.69

1500, 200 11.06 11.06 14.11 14.11 14.76 14.80

As we can see, even for the larger scenarios, we can obtain a solution close

to the best bound, which is represented by no straight lines. This means that

fixing locations facilitates exploration in the second stage of the MEC, and heuristic

solutions can be found efficiently. However, we need to compare this solution with

those from the MEC and MEC(SABC) to evaluate this heuristic more effectively.

Experiment 5: Assessment of the neighborhood local search heuristic. To verify

if the heuristic shows better results than the MEC(SABC) model, we compare the

results between the objective values obtained from the two of them. Figure 4.8 shows

these results, where the axes and the left-hand and right-hand graphs are described

as the previous ones. MEC(SABC) objective function values are represented by the

straight lines, and the dotted lines represent the NLSH objective function values.

Results are also in Table 4.6, where the first column indicates the demand

points and scenarios’ sizes. Columns two, three, and four show the SBFM objective

function value, the NLSH objective function value, and the improvement percentage

found in NLSH, respectively, for 16 potential sites. Similarly, columns five, six, and

seven display the values for 50 potential sites, while columns eight, nine, and ten
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Figure 4.7: Evaluation of the NLSH varying demand points (left-hand side column)
and scenarios (right-hand side column) for |L| = 16, |L| = 50 and |L| = 100.
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show the results for 100 potential sites. The improvement percentage is calculated

as (NLSH objective function value−SBFM objective function value)
SBFM objective function value

× 100.

Although there is no significant difference between MEC(SABC) and NLSH,

the instances that yielded improved solutions in NLSH suggest that we can experi-

ment with modifying certain aspects of NLSH to achieve better solutions in future

investigations. The small improvements may be due to the computational time limit

that the solver had to solve each neighbor for each neighborhood in every instance.

NLSH depends on the time we allow for the neighborhoods’ exploration. As the

number of demand points, potential sites, and scenarios increases, the number of

neighbors in each neighborhood also increases. Considering that each neighbor is

verified for the MEC(SABC), the computational time required is very large if we let

NLSH do a complete procedure.
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Figure 4.8: Comparissons between the objective values of the MEC, MEC(SABC)
and NLSH varying demand points (left-hand side column) and scenarios (right-hand
side columns) for |L| = 16, |L| = 50 and |L| = 100.
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Table 4.6: Comparison between the SBFM and the NLSH for 75 instances.

|L| 16 50 100

|I|, |Ω|

SBFM

Obj. fn.

value

NLSH

Obj. fn.

value

Imp.

%

SBFM

Obj. fn.

value

NLSH

Obj. fn.

value

Imp.

%

SBFM

Obj. fn.

value

NLSH

Obj. fn.

value

Imp.

%

168, 10 5 5.01 0.00 6.49 6.97 7.40 7.07 7.42 4.96

168, 50 4.85 4.85 0.00 6.44 6.56 1.86 6.46 6.47 0.07

168, 100 4.88 4.91 0.61 6.42 6.45 0.47 6.70 6.71 0.15

168, 150 4.68 4.71 0.43 6.38 6.40 0.31 6.85 6.85 0.01

168, 200 4.82 4.84 0.41 6.38 6.40 0.31 6.83 6.83 0.01

270, 10 5.53 5.58 0.90 8.05 8.35 3.73 8.26 8.58 3.96

270, 50 5.87 5.89 0.34 7.38 7.47 1.08 8.69 8.76 0.81

270, 100 5.7 5.71 0.18 7.83 7.85 0.26 8.21 8.21 0.00

270, 150 5.83 5.85 0.34 7.81 7.81 0.00 8.38 8.38 0.01

270, 200 5.77 5.77 0.00 7.5 7.50 0.00 8.16 8.20 0.55

500, 10 7.31 7.54 2.46 9.25 9.70 4.22 10.09 10.19 1.00

500, 50 7.52 7.55 0.40 9.55 9.62 0.63 10.10 10.17 0.70
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Table 4.6: Comparison between the SBFM and the NLSH for 75 instances.

|L| 16 50 100

500, 100 7.44 7.46 0.27 9.95 9.99 0.30 10.41 10.41 0.00

500, 150 7.51 7.55 0.40 9.78 9.80 0.20 10.13 10.18 0.49

500, 200 8.12 8.14 0.25 9.88 9.91 0.20 10.30 10.32 0.23

900, 10 8.43 8.51 0.24 12.54 12.93 3.11 12.79 13.06 2.12

900, 50 9.24 9.27 0.22 12.29 12.30 0.08 12.42 12.51 0.72

900, 100 9.26 9.27 0.11 12.29 12.29 0.00 12.18 12.19 0.05

900, 150 9.18 9.18 0.00 11.84 11.84 0.00 12.72 12.74 0.13

900, 200 9.39 9.40 0.00 11.99 12.03 0.25 12.40 12.44 0.31

1500, 10 9.94 9.98 0.40 12.78 13.27 3.83 12.89 13.24 2.70

1500, 50 11.31 11.33 0.09 13.71 13.77 0.15 13.69 13.69 0.00

1500, 100 10.64 10.69 0.00 13.83 13.84 0.07 14.68 14.68 0.01

1500, 150 11.28 11.28 0.00 14.08 14.08 0.00 14.66 14.69 0.18

1500, 200 11.06 11.06 0.00 14.11 14.11 0.00 14.76 14.80 0.28
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4.5.3 Response time for the MEC, MEC(SABC) and

NLSH

Experiment 1: Runtime for MEC. The objective of this experiment is to verify if the

MEC model can find solutions within an established computational time for each

instance. Figure 4.9 shows the runtime in seconds needed to obtain MEC solutions.

Left-hand side graphs have variations in demand points, while the right-hand side

graphs have variations in scenarios. The graphs are for 16, 50, and 100 potential

sites. As we can see, the main disadvantage of the MEC model is its computatio-

nal time, which increases significantly with the number of demand points, potential

sites, and scenarios, even for small instances with 16 potential location sites for

ambulances. This is why the MEC model often fails to find optimal solutions for

most instances.

Experiment 2: Runtime for MEC(SABC). The main goal for this experiment

is to verify the computational time for the SBFM. As we can see in Figure 4.10,

structured as the previous one, the SBFM is extremely fast, even for large instances,

and yields an initial solution to the assignment of ambulance location in a short

time to allow the MEC(SABC) model to be solved faster than the MEC model. The

MEC(SABC) location-allocation strategy inherits not only its fast computational

time from the SABC but also yields coverage per emergency situation, which is

the main objective for the EVCPP. The MEC(SABC) model is an approximate

methodology, but it provides solutions that are as good as those of the MEC and

even better when the MEC instances do not reach optimality and their gaps are

large. The SBFM solves most instances in under a minute.

Experiment 3: Runtime for NLSH. The objective of this experiment is to

evaluate the performance of the runtime in seconds for the NLSH. The results
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Figure 4.9: CPU time in seconds for the MEC varying demand points (left-hand
side column) and scenarios (right-hand side columns) for |L| = 16, |L| = 50 and
|L| = 100.
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Figure 4.10: CPU time in seconds for the MEC(SABC) varying demand points (left-
hand side column) and scenarios (right-hand side columns) for |L| = 16, |L| = 50
and |L| = 100.
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are shown in Figure 4.11, which is described same way as the previous graphics.

Results show that NLSH computational time increases while the potential sites’ size

increases. This increment is expected due to the quantity of neighbors created at

each neighborhood, which is more for 50 and 100 potential sites compared with 16

potential sites. The reason we obtained high computational times is that the MEC

model is evaluated for every neighbor constructed.

MEC, SBFM, and NLSH computational times are compared in Table 4.7. MEC

requires a larger computational time for most instances compared to the other two

methodologies. As we can see, SBFM computational time is always less than or

equal to NLSH computational time. This occurs because NLSH repeats the process

SBFM does to evaluate every neighbor for each neighborhood. Still, it is not a time

that should alarm us, which indicates that it is a good procedure.
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Figure 4.11: CPU time in seconds for the NLSH varying demand points (left-hand
side column) and scenarios (right-hand side columns) for |L| = 16, |L| = 50 and
|L| = 100.
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Table 4.7: Comparison of runtime in seconds between the MEC, the SBFM, and the NLSH.

|L| 16 50 100

|I|, |Ω|

MEC

RT

in sec.

SBFM

RT

in sec.

NLSH

RT

in sec.

MEC

RT

in sec.

SBFM

RT

in sec.

NLSH

RT

in sec.

MEC

RT

in sec.

SBFM

RT

in sec.

NLSH

RT

in sec.

168, 10 94.89 1.35 399.30 2908.63 3.12 3069.81 10802.61 4.327034 3460.58

168, 50 10801.68 6.07 3532.62 10806.89 11.86 3088 10807.96 15.60854 110.1959

168, 100 10804.23 14.18 2072.88 10810.25 24.75 3356.88 10817.49 34.00788 2553.664

168, 150 10809.77 20.35 3333.29 10813.55 41.31 3242.55 10834.65 54.08641 3627.168

168, 200 10808.75 24.97 1685.21 10817.94 47.44 2487.17 10843.44 77.58573 3639.192

270, 10 80.96 2.85 1691.55 8233.9 3.95 3287.56 10803.15 5.688764 3445.998

270, 50 10802.57 8.72 2854.17 10806.19 13.27 3330.74 10810.63 25.0612 2462.174

270, 100 10806.73 18.26 2017.38 10810.57 33.12 1390.74 10821.06 46.6905 3642.137

270, 150 10807.92 23.97 3256.04 10817.77 50.45 3615.61 10829.89 84.37731 3609.065

270, 200 10808.73 31.34 2555.05 10821.08 64.36 3625.3 10854.43 90.15973 3171.322

500, 10 64.82 3.07 3315.45 10805.04 7.58 3590.1 10804.23 7.620661 3248.521

500, 50 10804.89 10.19 3021.70 10808.06 28.69 1280.2 10813.28 32.5936 1402.964
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Table 4.7: Comparison of runtime in seconds between the MEC, the SBFM, and the NLSH.

|L| 16 50 100

500, 100 10809.84 20.29 3601.21 10814.43 57.38 2298.09 10831.04 76.93659 3632.826

500, 150 10810.07 33.04 1998.46 10821.56 103.02 3588.91 10838.22 119.9929 3581.681

500, 200 10810.94 46.16 1743.65 10828.09 144.45 1760.14 10905.89 149.2151 3336.277

900, 10 208.30 4.49 2757.75 10803.26 9.12 3334.56 10805.44 10.43479 3098.227

900, 50 815.47 15.38 3096.01 10813.11 69.66 3534.5 10819.42 64.37896 1471.902

900, 100 10809.53 42.07 1764.31 10818.95 136.54 3635.14 10834.91 142.3096 1671.386

900, 150 10830.55 64.30 3651.74 10825.67 268.54 2024.45 10850.71 289.0348 2580.19

900, 200 10814.37 90.56 3134.33 10835.75 416.23 3833.63 10907.72 347.598 2015.541

1500, 10 48.14 4.77 3204.10 10804.24 9.83 2968.26 10809.18 8.910593 3546.228

1500, 50 2582.05 18.12 3288.65 10810.78 123.77 3712.32 10819.47 84.84024 3651.345

1500, 100 10808.24 88.14 3625.25 10820.77 339.85 1391.06 10849.67 381.4811 3594.359

1500, 150 10818.30 207.51 3689.78 10832.53 644.85 3612.54 10861.18 614.6643 2480.451

1500, 200 10838.33 252.37 3797.49 10847.24 657.23 3737.14 10910.06 1276.197 1383.388
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4.5.4 Coverage for the MEC, MEC(SABC) and NLSH

The objective values and running times are crucial for evaluating the models’ per-

formance. However, the most critical objective of the EVCPP is to cover the largest

number of demand points within a fixed response time.

Experiment 1: Coverage for MEC. The main goal of this experiment is to

evaluate the performance of the MEC model to cover the accidents that we need to

cover in the EMS system. The percentage of emergency coverage for all instances

for the MEC model is presented in Figure 4.12.

The figure mentioned earlier displays two columns, each with three plots,

varying the number of scenarios (on the left-hand side) and the number of demand

points (on the right-hand side). Each plot shows the type of ambulance percentage

coverage obtained: T is for Total coverage (all required ambulances on time), TL

is for Total-late coverage (all required ambulances, but at least one arrives late),

P is for Partial coverage (at least one required ambulance is not dispatched, but

the dispatched ones all arrive in time), PL is for Partial-late coverage (at least one

required ambulance is not dispatched, at least one of the dispatched arrives late),

and N for Null (no ambulances assigned to the demand point). The upper plots are

for |L| = {16} potential sites, the middle ones for |L| = 50, and the lower ones for

|L| = 100.

Figure 4.12 shows that the MEC model tends to leave very few demand points

with null coverage, which is the primary concern of the emergency services in our

case study. As the number of potential sites |L| increases, the coverage tends to be

Partial and Partial-late for the MEC model, which is better than not covering the

emergencies. This behavior is likely related to the large gaps obtained by the MEC

model for large instances; however, the number of null coverage is still remarkably
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low.

Experiment 2: Coverage for MEC(SABC). The objective of this experiment is

to evaluate the coverage percentage for the MEC(SABC) methodology. Figure 4.13

shows that the SBFM is robust in terms of the number of scenarios. That is, the

demand point coverage is independent of the scenario number. In this way, 100

scenarios are sufficient to handle a high-quality coverage solution. Moreover, the

MEC(SABC) model inherits the characteristic of having very few null demand point

coverage from the MEC model.

Interestingly, partial coverage tends to be larger than partial late coverage,

which is mainly desired in real life because it can be translated into timely first-aid

medical care, increasing the probability of saving lives. With these results, we can

conclude that SBFM performance for covering emergency calls is equally good as

MEC coverage performance.

Experiment 3: Coverage for NLSH. The goal of this experiment is to evaluate

the coverage percentage for NLSH. The results of this experiment are presented in

Figure 4.14, which is structured similarly to the previous figures.

As we saw in Figure 4.13, the NLSH tends to have large Partial and Partial-

late coverages. The results are for the best neighbor found throughout the heuristic,

which are similar to the MEC(SABC) results. This means that NLSH’s performance

in covering emergency calls is comparable to that of the MEC and MEC(SABC)

models. It even performs better as the number of scenarios and demand points

increases, which was expected because the heuristics should improve the solutions

of the other models.
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Figure 4.12: Percentage coverage type for the MEC varying demand points (left-
hand side column) and scenarios (right-hand side columns) for |L| = 16, |L| = 50
and |L| = 100.
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Figure 4.13: Percentage coverage type for the MEC(SABC) varying demand points
(left-hand side column) and scenarios (right-hand side columns) for |L| = 16, |L| =
50 and |L| = 100.
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Figure 4.14: Percentage coverage type for the NLSH varying demand points (left-
hand side column) and scenarios (right-hand side columns) for |L| = 16, |L| = 50
and |L| = 100.
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4.5.5 Measures of the value of information and

modeling

In this experiment, we calculate the Expected Value of Perfect Information (EVPI)

and the Value of the Stochastic Solution (VSS), two concepts used in stochastic

programming to evaluate the accuracy of the model [16]. The EVPI measures the

maximum amount a decision maker would be ready to pay in return for complete

(and accurate) information about the future. For a maximization problem, this is

computed as EVPI = WS − RP, where RP is the value of the Recourse Program

(our MEC model) and WS is the wait-and-see solution. In our case, we have an

infinite number of scenarios for which the MEC model gives optimal solutions; thus,

it is difficult to compute an exact expression. However, for instances with 900

demand points, 16 possible location points, and only 10 scenarios, we obtain small

but positive EVPI values of 0.03 on average, confirming the value of the MEC model,

especially as the number of scenarios will increase.

The Value of the Stochastic Solution (VSS) measures how good or, more

frequently, how bad a decision based on solving the deterministic case for the average

scenario with respect to the RP solution is. The VSS is computed as RP − EVV,

where EVV is the expected result of using the EV solution in the MEC model. Table

4.8 shows in the first column the size of the instances for which we could obtain

optimal solutions with the MEC model (demand points, location points, scenarios).

The second column displays the RP value, followed by the EVV and then the VSS.

|I|, |L|, |S| RP value EVV VSS

168, 16, 5 5.36 5.27 0.09

270, 16, 5 5.32 5.14 0.18

500, 16, 5 7.00 6.68 0.32
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|I|, |L|, |S| RP value EVV VSS

900, 16, 5 8.87 8.37 0.50

1500, 16, 5 9.29 8.44 0.85

168, 16, 10 5.00 4.64 0.36

270, 16, 10 5.58 5.2 0.38

500, 16, 10 7.53 7.13 0.39

900, 16, 10 8.47 7.87 0.59

1500, 16, 10 9.99 8.75 1.24

Table 4.8: The value of the stochastic solution for the MEC model.

Table 4.8 shows that as the size of the instance increases, the VSS also increases.

Note that the small number of scenarios for which we could obtain optimal solutions

is relatively small. However, the behavior of the VSS shows the benefit of considering

a stochastic setting even for instances with few scenarios.

4.5.6 Number of ambulances

All previous experiments were conducted with the number of ambulances equal to

(η1, η2) = (35, 20). A central feature of the EVCPP is that an ALS ambulance can be

sent instead of a BLS one, which provides a more flexible setting but may introduce

difficulty when solving the models.

For a preliminary evaluation, we conducted experiments varying the number

of ambulances for the MEC problem, considering |L| = 16 potential sites for all

demand point sizes and scenarios. Figure 4.15 presents objective values. As we

expected, the number of ambulances increases the gap between best objective and

best bound found in some cases, mostly when the number of scenarios increases for
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(η1, η2)=(10,6) and (20,11). Although the number of ambulances increases, the gap

decreases. We decided to reduce our instance set to (η1, η2)=(35,20) to obtain more

realistic results, considering the number of ambulances in our case of the EMS system

in Nuevo León. In addition, as shown in Figure 4.16, there is no significant difference

in runtime when varying the number of ambulances. Therefore, considering a small

number of them does not significantly reduce the model’s computational time.

We solved the instances with emergency demand points fixed to 900, 100

scenarios, and 50 ambulance location sites. For this experiment, we vary the number

of ambulances. Figure 4.17 shows two columns of two plots each. The objective value

(upper plots) and the running time (lower plots) are on the y-axis, while the x-axis

varies the number of ambulances: (η1, η2)=(10,6), (20,11), and (η1, η2)=m,(35,20).

The left plots correspond to the MEC stochastic model, while the right ones are for

the SBFM.

From Figure 4.17a, we observe that the difference between the best objective

and the best bound for the MEC model (left-hand side plots) increases slightly with

the number of ambulances. Thus, the larger the number of ambulances, the harder

the instances for the MEC model. Furthermore, the time limit is reached for every

instance of the MEC model that is tested. For the SBFM (right-hand side plots), the

relative optimality gaps are equal to 0 for all instances. In addition, the objective

values are comparable to characteristic. Furthermore, under the SBFM, all instances

are solved in less than one minute, and this time is not affected by the number of

ambulances.
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Figure 4.15: Objective function values for preliminary experiments to evaluate
different numbers of ambulances.
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Figure 4.16: CPU time in seconds for preliminary experiments to evaluate different
numbers of ambulances.
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Figure 4.17: Objective value and running time versus the number of ambulances for
a) MEC model and b) SBFM.



Chapter 5

Conclusions

5.1 Main findings

EMS systems in developing countries, such as Mexico, face a significant shortage

of ambulances. Therefore, one of the main objectives of this work is to investigate

and develop tools that facilitate the optimal location of ambulances. This would

improve the performance of EMS systems and ensure that all emergency calls are

fully addressed, whether they are currently uncovered or only partially covered.

The Emergency Vehicle Covering and Planning Problem (EVCPP) consists of

locating a limited number of ambulances of two heterogeneous types in different city

locations and dispatching them to emergency points to maximize coverage with short

medical first aid response times. In the EVCPP, these two interrelated decisions are

simultaneously considered in a novel two-stage stochastic integer program. The

EVCPP stochastic model allows for partial coverage of the accidents by the ambu-

lances based on a decay function.

We propose a two-stage stochastic integer program for the EVCPP that can be

solved utilizing the MEC formulation for small instances with a restrictive number of

88
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scenarios. We also propose a surrogate-based feedback method, which is essentially

a location-allocation procedure that relies on solving an auxiliary surrogate model.

This method is faster to solve and allows us to obtain high-quality solutions sig-

nificantly faster than the previous model. The SBFM was tested over a broad set

of randomly generated instances based on real-world data from a local system. An

important feature of the proposed approach is that it can be implemented by calling

any off-the-shelf integer programming solver, without requiring the use of complex

decomposition techniques.

Besides, a local search heuristic was proposed to improve the quality of the

solutions. This heuristic involves improving SBFM solutions, treating them as initial

solutions for the NLSH. The heuristic is structured to perform a local search around

four neighborhoods that perturb the ambulance location, which are the neighbors,

to improve the objective function value of the MEC problem, which is evaluated

by fixing the ambulance location variables. There were slight improvements in the

solutions.

In this manner, we have proposed models and heuristic methodologies to solve

the ECVP problem. Moreover, we have tackled a real-world problem, and now we

can test it in practice.

The development of the SBFM heuristic is very important. Large-scale ins-

tances proved intractable by solving the MEC model. In those experiments, it was

clear that the branch-and-bound method ran out of memory. The proposed heuristic

was able to improve solution quality of a number of instances. In many cases this

improvement was relatively small.

In terms of modeling, the introduction of partial rate coverage into the objective

function allows sending ambulances even if there are not enough ambulances to cover
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an accident totally or if an ambulance or more than one ambulance are far away from

the desired response time for patient attention. These results help us cover more

demand points in the system, allowing us to start giving attention to patients, which

can be finished after providing first aid to them at those demand points where not

all ambulances were sent.

5.2 Future work

Our future work involves collaboration with more than one service provider in the

system, taking into account the differences between them and the preferences that

public ambulances may have compared to private ambulances. In fact, in Monterrey,

there are at least three emergency service providers that cooperate and compete with

each other: Cruz Roja, Protección Civil, and CRUM. Thus, game theory or bi-level

programming could be used to determine the best policies in such a way that the

population is benefited.

Naturally, several lines of work can be further investigated. For example,

another interesting aspect we observed is that there are some private EMS services

that also dispatch vehicles to accident sites. Some of these are neither regulated

nor coordinated by the state. In some cases, this provokes a conflict as too many

ambulances arrive at the site, leaving other points unattended. This situation could,

of course, benefit from coordinated decision-making tools as those developed here.

Regarding the methodology, to solve the preliminary model and future models,

one could benefit from developing appropriate valid inequalities. The difficulty lies

in that our problem involves integer and binary variables in the second stage of the

stochastic programming; thus, we must evaluate whether considering real variables

yields feasible solutions and how much the reduction in quality is.
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Also, one could consider including queues at hospitals. During the early stages

of the COVID-19 pandemic, some hospitals focused solely on treating COVID-19

patients, resulting in other hospitals experiencing ambulance queues due to an

overwhelming demand. This wasted time waiting for attention affects ambulance

availability and should be accounted for in the EMS system.

Another approach is to consider scenarios by clusters, as done by Hewitt et al.

[37]. It could reduce the size of the stochastic program, and it may not be necessary

to use the Benders decomposition; instead, it may be competitive with heuristic

methods.

Finally, the proposed heuristic is a simple local search that uses four neighbor-

hood structures. These components could be further enhanced if cast into a more

sophisticated metaheuristic framework such as tabu search or scatter search.
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programa de Doctorado en Ingenieŕıa de Sistemas en el año 2020.
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